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ABSTRACT 
Anthocyanins are one of the only natural colorants approved by the US Food & Drug 
Administration (FDA) and hence, are highly sought after as natural color pigment for the food 
industry. However, anthocyanins are susceptible to gradual degradation when exposed to certain 
food processing techniques or even due to prolonged/improper storage of food products that 
contain them. Although chemical assays to determine total anthocyanin content (TAC) exist, they 
are cumbersome, time consuming, and often requires destroying the sample. Spectroscopy-based 
assays are simple, fast, and nondestructive analytical tools that may be used in determining TAC 
in fruits and cereal grains, and near infrared (NIR) spectroscopy is widely used in analyzing the 
chemical composition of raw materials in the food, agricultural and pharmaceutical industries. In 
this study, tristimulus colorimetry and NIR spectroscopy were explored as a means of detecting 
and estimating anthocyanins in whole corn kernels and in ground corn. Results of the study 
showed that L*a*b* measurements were not useful for predicting TAC of whole corn samples, 
despite having multiple linear regression (MLR) models with 0.60 > R
2
 > 0.70. The poor 
predictive performance was due to the presence of water insoluble, red colored pigments called 
phlobaphenes which exhibited similar L*a*b* values as anthocyanins.  
The first partial least squares regression (PLSR) models were developed to predict TAC 
in ground corn samples that were blended with cyanidin-3-glucoside (C3G) to yield 0-1154 
mg/kg TAC. Of the 51 blended corn samples, 12 contained phlobaphenes. The best PLSR model 
was based on NIR spectra that had been pretreated with a combination of multiplicative scatter 
correction (MSC) and second order Savitzky-Golay (SG) derivative. The scores plot of the 
model showed a prominent separation between red and yellow corn blends as compared to other 
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models. With RPD = 1.6 and RER = 4.7, the model was useful for rough screening purposes. 
When the same PLSR approach was applied to the NIR spectra of whole corn samples, the best 
PLSR model was based on first order SG (using 13 smoothing points) pretreated spectra and was 
also useful for rough screening purposes only. Model performance improved when phlobaphene-
containing samples were removed from the calibration and validation sets and with RER = 10.9 
and RPD = 3.6, this model can be used for full screening purposes. This work demonstrates the 
potential of NIR spectroscopy as a method for rapidly estimating TAC and to discriminate corn 
samples containing phlobaphenes when a wider scanning range (1000-2500 nm) is used. 
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CHAPTER 1. INTRODUCTION 
Color is one of the main attributes for consumer acceptability of foods available in the 
market. Consumers first judge the quality of a food product by its colors so the food industry has 
used colorants for centuries to enhance or restore the original appearance of foods or to ensure 
uniformity. Over past years, safety of synthetic colorants has been questioned leading to a 
significant reduction in the number of permitted colorants. Interest in natural colorants has, 
thereby, increased significantly as a result of both legislative action and consumer awareness in 
the use of synthetic additives in their foods. In particular, anthocyanins are suitable replacements 
for FD&C Red40, a synthetic dye that accounts for almost 25% of the color additives produced 
in the United States (FDA, 2015). However, anthocyanins are susceptible to gradual degradation 
when exposed to certain food processing techniques and prolonged, or improper, storage of food 
products that contain them. Though chemical assays to determine total anthocyanin content 
(TAC) exist, they are cumbersome, time consuming, and often involve destruction of samples. A 
non-destructive, rapid analysis for online monitoring of quality of raw materials and to facilitate 
crop breeding programs would greatly benefit the food and beverage processing industry.  
Anthocyanins are water-soluble flavonoids and polyphenolic pigments responsible for 
imparting red, blue and violet colors to many plants. Interest in anthocyanins has intensified 
because of their possible health benefits. Several studies have shown that anthocyanins play a 
key role in scavenging free radicals which could be used in preventing or treating chronic 
degenerative diseases such as atherosclerosis, aging, diabetes, hypertension, inflammation and 
cancer (Liu et al., 2012; Soriano Sancho and Pastore, 2012; Spormann et al., 2008; Wang and 
Stoner, 2008).  
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Conventionally, the food industry uses techniques such as high performance liquid 
chromatography (HPLC), mass spectroscopy (MS), pH-differential, ultraviolet and visible (UV-
VIS) spectroscopy, nuclear magnetic resonance (NMR), and capillary electrophoresis (CE) for 
detection and estimation of TAC. A technique well established in the food area for color 
characterization is tristimulus colorimetry. In this technique, a spectrophotometer takes 
measurements of reflected color of a given color sample in the visible region (400–700 nm) and 
provides tristimulus (L*a*b*) values by numerical integration. While this technique can give a 
very good idea about the presence of anthocyanins, it can neither quantify TAC nor differentiate 
between other compounds or reaction products which may impart color.  Compared to this and 
other conventional techniques, near infrared (NIR) spectroscopy has proven to be a fast, simple, 
nondestructive and chemical free analytical tool (Liu et al., 2008). NIR spectroscopy’s utility in 
TAC determination has been demonstrated with fruits and juices but it has not been widely 
applied to TAC determination in cereal grains. 
A number of plants have been suggested as potential commercial sources of anthocyanin-
based colorants, however their use has been limited by pigment stability, availability of raw 
material and economic considerations (Jackman and Smith, 1996). This study explores corn as 
the source of anthocyanin-based colorants as corn is an abundant source of these natural color 
pigments. However, anthocyanins are not the only color pigments present in corn. A class of 
water insoluble, red colored pigments called phlobaphenes are found in some corn species due to 
variation in the flavonoid biosynthetic pathways. Phlobaphenes have a chemical structure very 
similar to that of anthocyanins but possess very different physical properties. One of the major 
differences between these two pigments is, unlike anthocyanins, phlobaphenes are hydrophobic 
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in nature. Extraction of phlobaphenes from corn would involve use of non-polar solvents that can 
solubilize these phlobaphene pigments. Introducing a non-polar solvent would increase 
processing complications for the use of these pigments as potential colorants in food matrices, 
which would make the extraction process more expensive compared to extraction of hydrophilic 
anthocyanins. Thus, the assay for detection of anthocyanin in corn would be more robust if it 
could differentiate between these similar compounds as they serve different purposes.  
Therefore, the primary objective of this study was to quantify the TAC in various corn 
accessions using a spectral technique. TAC was estimated in terms of cyanidin-3-glucoside 
(C3G) equivalents as C3G is the predominant type of anthocyanin compound found in corn. The 
specific objectives were to:  
1. Obtain and correlate the L*a*b* values of whole corn kernels to TAC using multiple 
linear regression (MLR); 
2. Develop partial least squares regression (PLSR) models to predict TAC based on near 
infrared spectra (1000-2500 nm) of blends of corn and pure C3G (0 to 1000 mg/kg);  
3. Evaluate the use of an NIR analyzer (950-1650 nm) to predict TAC of whole corn 
kernels.  
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CHAPTER 2. LITERATURE REVIEW 
2.1 Anthocyanins in grains 
2.1.1 Chemical structure and occurrence 
Anthocyanins or 3-hydroxyflavonoids are water-soluble flavonoids and polyphenolic 
pigments that are responsible for the red, blue and violet colors of many plants and foods 
(Wallace and Giusti, 2014). Structurally, anthocyanins are glycosylated 2-phenylbenzopyrilium 
salts (anthocyanidins). The basic structure of anthocyanidins consists of a chromane ring (C-6 – 
ring A and C-3 – ring C) bearing a second aromatic ring (C-6 – ring B) in position 2 (Figure 2.1). 
The various anthocyanidins differ in number and position of the hydroxyl and /or methyl ether 
groups attached on 3, 5, 6, 7, 3’, 4’ and/or 5’ positions. Despite the fact that 31 different 
monomeric anthocyanidins have been identified, 90% of the naturally occurring anthocyanins are 
consist of only six structures (30%, cyanidin; 22%, delphinidin; 18%, pelargonidin; and 20%, 
peonidin, malvidin, and petunidin) (Ananga et al., 2013).  
 
Figure 2.1. Chemical structure and side groups of anthocyanins commonly found in foods 
 (adapted from Ananga et al., 2013). 
A C 
B 
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Anthocyanins are commonly present in Rubus and Vaccinium species, strawberries, 
cherries, grapes, red wine, red cabbage, purple potatoes and radishes (Wallace and Giusti, 2014). 
Anthocyanin pigments are also found in cereal grains which vary from a simple to complex 
profile, depending on the number of pigments. Black and red rice grains exhibit a simple 
anthocyanin profile, while blue, purple and red corn varieties show a complex profile having up 
to 20 anthocyanin pigments (Abdel-Aal et al., 2006). Blue or purple wheat is considered to have 
an intermediate anthocyanin profile with four or five major anthocyanin pigments. The 
predominant anthocyanin compounds are C3G in black and red rice (Ryu et al., 1998), purple 
wheat (Dedio et al., 1972 and Abdel-Aal et al., 2003) and blue, purple and red corn (Abdel-Aal 
et al., 2006 and Moreno et al., 2005) and delphinidin-3-glucoside (D3G) in blue wheat (Abdel-
Aal et al., 2006).  
A basic structure of an anthocyanin is an anthocyanidin attached to a glycone. An 
anthocyanidin consists of a 2-phenylbenzopyrilium ring modified by hydroxylation and 
methoxylation (Escribano-Bailón et al., 2008). Corn produces three main types of 
anthocyanidins: pelargonidin, cyanidin, and peonidin (Figure 2.1).  Anthocyanin pigments are 
located in certain layers of the cereal grain kernel. In wheat, the blue pigments are located in the 
aleurone layer and the purple pigments are concentrated in the pericarp layers (Abdel-Aal et al., 
1999). The highest concentration of anthocyanin pigments in corn was found in the pericarp with 
the aleurone layer containing smaller concentrations (Moreno et al., 2005). In a study by Abdel-
Aal et al. (2006), black rice contained 3276 mg/kg of total anthocyanins while red rice only 
contained 94 mg/kg. In comparison, the concentration of anthocyanins in a large population of 
blue wheat lines ranged from 35 to 507 mg/kg with a mean 183 mg/kg (Abdel-Aal et al., 1999). 
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The anthocyanin levels (expressed in C3G equivalents) ranged from 930–8510 mg/kg in purple 
corn, 760–1200 mg/kg in black corn and 850–1540 mg/kg in red corn (Lopez-Martinez et al., 
2009). Abdel-Aal et al. (2006) found that C3G was the most common anthocyanin in pigmented 
corn, accounting for 51, 49, 47, and 31% in pink, blue, multicolored, and purple corn, 
respectively.  
Lipid soluble carotenoids and water soluble anthocyanins are among the most utilized 
vegetable colorants in the food industry (International Food Information Council and Foundation 
US Food & Drug Administration, 2004). Anthocyanins are permitted as food colorants by FDA 
Code of Federal Regulations (CFR) in the USA under the category of fruit (21CFR73.250) or 
vegetable (21CFR73.260) juice color. The potential dietary intake of anthocyanins is among the 
greatest of the various classes of flavonoids. On the basis of the quantification and intake data 
from National Health and Nutrition Examination Survey (NHANES, 2001-2002), daily 
consumption of total anthocyanins in the United States was estimated to be 12.5 mg/day.  
2.1.2 Factors affecting stability in corn  
Anthocyanins are relatively unstable compared to synthetic dyes and are prone to color 
fading. In corn, various anthocyanin modifications are known to produce more stable 
compounds. The first modification is called acylation which is the process of adding an acyl 
group to the glycoside of an anthocyanin molecule. Acylation is known to enhance anthocyanin 
solubility, protect the glycosylated sugar from enzymatic breakdown, and stabilize anthocyanin 
structures (Nakayama et al., 2003). Intramolecular co-pigmentation formed between acyl groups 
on anthocyanin molecules protects the anthocyanin from nucleophilic attack and degradation 
(Bakowska-Barczak, 2005).  Corn produces malonylated glucosides as their acylated 
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anthocyanin. The second modification that might prove important for stabilization is the 
dimerization of an anthocyanin molecule with flavan-3-ols like catechin and epicatechin. 
Escribano-Bailón et al. (2008) found these anthocyanins, also referred to as “condensed forms”, 
using LC-MS/MS and H-NMR. 
2.1.3 Factors affecting stability in food matrices 
Although anthocyanins present a large variety of colors making them a viable utility in 
food, their stability is greatly affected by factors such as pH, temperature, oxygen and light 
(Castañeda-Ovando et al., 2009). Anthocyanins tend to be highly stable in acidic conditions 
(Giusti and Wrolstad, 2003) and present themselves in four structural forms in both aqueous 
solutions and foods, depending on the pH: quinoidal-base (blue), flavilium cation (red), pseudo-
carbinol base (colorless), or chalcone (yellow to colorless) (da Costa et al., 1998; Kennedy and 
Waterhouse, 2000; Fleschhut et al., 2006). As pH increases to 7, the intensity of anthocyanin 
coloration tends to reduce and appear bluish, as a result of the formation of hemicetal and the 
quinoidal structures. These structures are less stable and may rapidly degrade (Rodríguez-Saona 
et al., 1999). 
Temperatures during food processing and storage affect the stability of anthocyanins by 
degrading the color as temperature increases. Wang and Xu (2007) studied the effect of 
temperature on anthocyanins present in blackberry juice and concentrate. In their study, juice 
was extracted from blackberries at 8.9 
o
Bx. The juice was heated to 60, 70, 80 and 90°C and, 
periodically, samples were removed, cooled, and testing for TAC using a pH differential method. 
Results showed the thermal degradation of blackberry anthocyanins followed first order reaction 
kinetics with respect to temperature.  
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Wang and Xu’s (2007) results were supported by studies conducted by Cemeroğlu et al. 
(1994) and Garzón and Wrolstad (2002). Cemeroğlu et al. (1994) worked with anthocyanins in 
sour cherry over the same temperature range. Though, sour cherry anthocyanins also followed a 
similar degradation pattern with increasing temperatures, blackberry anthocyanins were more 
susceptible to higher temperatures. At the same temperatures, blackberry anthocyanins had lower 
half-lives (t1/2) than sour cherry anthocyanins. The different susceptibilities of fruit juice 
anthocyanins to heat was attributed to their varying anthocyanidin composition as the major 
anthocyanins in blackberry are C3G, and a small quantity of cyanidin-3-rutinoside, cyanidin-3-
dioxalylglucoside, cyanidin-3-xyloside, and cyanidin-3-malonylglucoside (Fan-Chiang and 
Wrolstad, 2005 and Rommel et al., 1992) while those in sour cherries are cyanidin-3-
glucosylrutinoside and cyanidin-3-rutinoside (Dekazos, 1970 and Šimunić et al., 2005).  Boyles 
and Wrolstad (1993) and Rommel et al. (1990) also contributed the superior color stability of red 
raspberry products as compared to those processed from strawberries and blackberries to the 
sugar substitution with sophorose.  
Wang and Xu (2007) also studied the storage stability of anthocyanins in 8.90 °Bx juice 
and 65.0 °Bx concentrate at 5, 25 and 37°C. They confirmed by linear regression that the 
degradation of anthocyanins in blackberry juice and concentrate during storage also followed a 
first-order reaction. From the model, the t1/2 values at 5, 25 and 37°C were calculated as 330.1, 
32.1 and 11.7 days, respectively, for juice samples and 138.6, 19.7 and 9.4 days, respectively, for 
concentrate samples. Several other studies also found a first order reaction for the degradation of 
anthocyanins in sour cherry concentrates of 45 and 71 °Bx (Cemeroğlu et al., 1994), purple- and 
red-flesh potatoes extracts (Reyes and Cisneros-Zevallos, 2007) and black currant nectar 
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(Iversen, 1999) during storage. Cemeroğlu et al. (1994) reported a t1/2 of 38 days for sour cherry 
concentrates at 71 °Bx at 20°C. Garzón and Wrolstad (2002) showed that the t1/2 values for 
anthocyanins degradation in strawberry juice and concentrate of 65.0 °Bx were 8 days and 4 days 
at 25°C. C3G was found to be more stable than pelargonidin-3-glucoside, which is the main 
anthocyanins in strawberries (Cabrita et al., 2000). Thus, stability of anthocyanins is not only 
affected by temperature, but also by the type of anthocyanin compounds.  
The unsaturated structure of anthocyanins makes them susceptible to molecular oxygen. 
Aerobic conditions greatly accelerated anthocyanin degradation in the pH range of 2-4 which is 
otherwise considered as a stable range (Jackman et al., 1987). The presence of oxygen can 
accelerate the degradation of anthocyanins either through a direct oxidative mechanism and/or 
through the action of oxidizing enzymes (Jackman et al., 1987). Light favors biosynthesis of 
anthocyanins but also accelerates their degradation. Palamidis and Markakis (1975) showed that 
after placing the grape juice samples containing anthocyanin in dark for 135 days at 20°C, almost 
30% of the pigments were destroyed, but placing the same samples in the same temperature and 
same period of time in the presence of light destroyed more than 50% of total pigments. A 
similar trend was observed by Bakhshayeshi et al. (2006) who also studied the effect of light on 
degradation of anthocyanins in four different Malus fruit varieties. Samples were maintained at 
pH 2 at 25°C and were examined for a period of 90 days in the presence or absence of light (400 
lx). Results showed the presence of light increased the amount of destroyed anthocyanins 
consistently by 18-20% at any given day, as compared to when the samples were placed in dark. 
  
 10 
 
2.2 Anthocyanin determination techniques 
One of the most common anthocyanin characterization techniques is tristimulus 
colorimetry. Tristimulus colorimetry has been used as a general tool to evaluate appearance for 
many years. Colors can be characterized in terms of the three coordinates in Judd-Hunter color 
space: L (lightness), a (redness, or negative greenness) and b (yellowness, or negative blueness). 
L*a*b* values can be obtained rapidly by transmission measurements (for liquids) or reflection 
measurements (for solids) using a tristimulus colorimeter or spectrophotometer. Often, the 
parameters a and b are combined in the form of theta (hue), which is the angle that a line joining 
a measured point in Judd-Hunter color space makes with the origin. In the case of the 
anthocyanins, which are in the (+a, +b) quadrant of Judd-Hunter color space, a lower value of 
theta indicates a more red sample (a higher a/b ratio). Measurement of changes in L and theta 
over time can be used to monitor the stability of a food colorant (Francis, 1992). Theta, when 
combined with Hunter L, (a measure of lightness/darkness —100 to 0), a visual impression of the 
color can be obtained. This is a simple method to describe colors or changes in color. While 
there are a number of equally acceptable methods of reporting color, L*a*b* evaluation is well 
established in the food industry (Francis, 1992; Calvi and Francis, 1978; Teh and Francis, 1988). 
The most common method for analysis of anthocyanins is high performance liquid 
chromatography (HPLC), in conjunction with identification methods such as UV/Visible 
spectrophotometry (LC/UV), mass spectrometry (LC/MS), or nuclear magnetic resonance 
(LC/NMR) to elucidate the anthocyanin structures (Santos-Buelga and Williamson, 2003). Most 
of the analytical methods used for TAC analysis require elaborate sample preparation which 
involves destroying the test samples (Table 2.1). They are not practical for screening hundreds or 
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thousands of samples in a short time. Only NIR spectroscopy offers a quick, inexpensive, and 
non-destructive method to screen samples for desired components, assuming that calibration 
models can be developed that accurately estimate TAC (Dykes et al., 2014). 
Table 2.1. Analytical techniques employed for determination and quantification of anthocyanins. 
Technique Objective Source of 
anthocyanin 
Statistical evaluation Reference 
LC-MS
a
 Detect anthocyanin 
type  
barley, wheat, 
rice, corn 
ANOVA
e
 to determine 
difference between 
samples  
Abdel-Aal et al. 
(2006)  
HPLC-FD-MS
b
 Extract & quantify 
proanthocyanidins 
barley Pearson correlation  Verardo et al. 
(2015)  
FT-NIR
c
 Predict 
proanthocyanidins 
content 
barley PCA
f
  Verardo et al. 
(2015) 
Single kernel NIR Predict maize seed 
composition 
maize/corn PLSR
g
 Baye and Becker. 
(2004)  
NIR Measure TAC flowering tea PLSR  Xiaowei et al. 
(2014) 
LC - UV-VIS
d
 Purify and quantify 
TAC 
barley, wheat, 
corn, rice 
ANOVA to determine 
differences between 
samples 
Abdel-Aal et al. 
(2006) 
Vis/NIR Quantify TAC cherries PLSR Zude et al. (2011) 
NIR Quantify TAC intact acai fruit PLSR Inácio et al. 
(2013) 
NIR hyperspectral 
imaging 
Quantify TAC wine grapes PLSR  Chen et al. (2015) 
NIR Quantify TAC jaboticaba fruit PLSR Mariani et al. 
(2015) 
Study absorbance 
of samples at 520 
nm and 700 nm  
Determine total 
monomeric 
anthocyanin 
concentration 
fruit juices, 
beverages, natural 
colorants, and 
wines 
One way ANOVA to 
assess homogeneity of 
samples 
Lee et al. (2005)  
a
 Liquid chromatography – Mass spectroscopy; b High performance liquid chromatography – Fluorescence detection 
– Mass spectroscopy; c Fourier transfer – Near infrared; d Liquid chromatography – Ultraviolet-visible; eAnalysis of 
variance; 
f 
Principal components analysis; 
g 
Partial least squares regression 
2.3 Phlobaphenes in corn 
Phlobaphenes or the 3-deoxyflavonoid pigments are water insoluble, phenolic polymers 
derived from flavanones, which are also the precursors of anthocyanin pigments (Styles and 
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Ceska, 1989) (Figure 2.2). Phlobaphenes fall under the category of condensed tannins as they 
result from a condensation reaction between tannin extracts and mineral acids (Foo and 
Karchesy, 1989). Anthocyanins can accumulate in most plant parts whereas phlobaphenes are 
predominantly found in kernel pericarp (outer layer of ovary wall), cob-glumes (palea and 
lemma), tassel glumes, and husk (Coe et al., 1988). Accumulation of phlobaphenes results in red 
pigmentation (Styles and Ceska, 1989). Tissue-specific anthocyanin production in maize requires 
the expression of the c1/r1 genes in the aleurone and pl1/b1 regulatory genes in the pericarp 
(Figure 2.3). Phlobaphenes production requires only the pericarp color1 (p1) gene. This p gene 
regulates the accumulation of the transcripts of the structural genes in the anthocyanin pathway 
like c2, chi1, and a1 but does not activate the other anthocyanin structural genes such as bz1. p1 
does not bind to the promoter of the bz1 gene, which is specifically required for anthocyanin 
biosynthesis (Grotewold et al., 1994).  
 
Figure 2.2. Basic chemical structure of phlobaphenes commonly found in foods  
(adapted from Sharma et al., 2012). 
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Figure 2.3. Comparison of anthocyanins to phlobaphenes. 
Two analytical techniques have been used to understand the structure of phlobaphenes. 
The UV-VIS spectrum of phlobhaphenes was nearly identical to cyanidin (Foo and Karchesy, 
1989). However, chromatographic systems have showed phlobaphenes may be a mixture of 
polymers but the technique is not effective enough to separate the mixture into its components 
(Foo and Karchesy, 1989), leading to unclear differentiation between anthocyanin and 
phlobaphene structures.  
2.4 Near infrared spectroscopy as an analytical tool 
NIR spectroscopy is most commonly used in biological applications relating to food and 
agriculture industry. Its popularity as an analytical technique expanded rapidly in the 1960s since 
it can be conducted without with minimal sample preparation, can provide information on both 
physical and chemical characteristics, does not require destroying or damaging a test sample, and 
is relatively easy to use (Blanco and Bañó, 1998; Tikuisis et al., 1993). Quantitative analyses of 
NIR spectral data require a calibration step with a set of standard samples (Blanco and Bañó, 
1998).  
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An NIR spectrum typically includes the absorbance bands of a biological sample’s 
constituents’ chemical bonds: C–H, fats, oils and carbohydrates; O–H, water and alcohol; and N–
H, protein (Williams and Norris, 2001). Most absorption bands in the near infrared region are 
overtone or combination bands of fundamental vibrational and rotational transitions of these 
chemical bonds. The overtones and combination tones are most often affected by hydrogen bond 
formation (Williams and Norris, 2001). 
NIR spectral data may be collected under reflectance, transmission, and transreflectance 
modes. In the reflectance mode, light interacts with the material and re-radiates diffuse reflected 
energy back into the plane of illumination. In the transmission mode, light passes through a clear 
or transparent sample and energy is absorbed by the chemical components. The light is not 
deflected as it passes through the sample. Transreflectance mode is a combination of reflectance 
and transmission; light reflects off the surface as it gets transmitted to the other side of the 
sample. Reflectance spectra are predominantly collected for ground and solid samples while 
transmission spectra are collected for liquids and films. Transreflectance spectra are useful to 
characterize thick samples such as seeds and slurries (Williams and Norris, 2001). Both 
reflectance and transmittance measurements allow the simultaneous determination of multiple 
constituents in a sample and are commonly used to predict the composition of bulk whole grain 
samples in corn (Orman and Schumann, 1991). Bulk whole grain samples can be screened 
rapidly and be preserved for further analysis or for propagation (Baye and Becker, 2004; Velasco 
et al., 1999).  
Several studies have been conducted for determination of TAC using NIR spectroscopy. 
Verardo et al. (2015) used NIR to quantitatively predict proanthocyanidins in barley samples 
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whereas Inácio et al. (2013) and Mariani et al. (2015) determined the TAC in intact acai fruit and 
jaboticaba fruit, respectively. Mariani et al. (2015) found that the 1232–1279, 1319–1522, 1792–
2009 and 2245–2387 nm regions proved to be useful in modeling TAC. Similarly, Cozzolino et 
al. (2008) suggested flavonoid constituents could be observed in regions from 1415–1512 nm, 
from 1650–1750 nm, and from 1955–2035 nm, while Xiaowei et al. (2014) reported regions of 
1677–1733 nm and 2091–2179 nm to correspond to absorption by anthocyanins in flowering tea. 
Other important spectral regions include 1400–1600 nm which corresponds to the first overtone 
of hydroxyl groups. The region around 2100 nm is associated with C–O and O–H deformation 
vibrations, and the region at 2276 nm corresponds to a combination band of O–H and C–C 
stretch vibrations (Noah et al., 1997). Note that water absorption bands are typically found 
around 760, 970, 1190, 1450 and 1940 nm (Paulsen and Singh, 2004), which may overlap with 
some of the absorption bands identified with anthocyanins. Hence, it is critical to evaluate the 
ideal moisture content range for which TAC in corn may be quantified via NIR spectroscopy. 
2.4.1 Statistical analyses of spectral data 
Multivariate analysis is used to study the association among a set of measurements taken 
from one or multiple samples. Analysis of dependence deals with using information in one set of 
variables called independent (usually denoted X) to explain variation observed in another set of 
variables called dependent (usually denoted Y). Regression analysis is the most widely used form 
of analysis of dependence. A regression model is a linear combination of independent variables 
that correspond as closely as possible to the dependent variable. Regression models describe 
statistically significant relationships between X’s and Y, isolate independent variables that are 
most important and predict values for observations outside the sample set (Lattin et al., 2003).  
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Regression analysis of NIR spectral data involves determining components of a sample 
by measuring absorbance values that must then be related to the amount of the component as 
determined by some other method called a reference or standard method. In this study, the TAC 
(Y) will be regressed on absorbance values (X’s) at multiple NIR wavelengths. Establishing this 
relationship by using a set of samples of known composition is called calibration. The calibration 
can be used to determine the TAC of a new sample, called a prediction. Comparison of NIR 
measurements and reference method measurements on a new set of samples provides a basis for 
calculation of the prediction error. This comparison is called validation of the calibration 
(Williams and Norris, 2001). Thus, a regression model consists of samples categorized into 
mutually exclusive calibration and validation sets. There are various ways of approaching 
regression analysis by modeling. Multiple linear regression (MLR) is commonly used to model 
the relationship between two or more X’s and a Y by fitting a linear equation to observed data. 
For a large set of X’s, multivariate statistical techniques such as principal components analysis 
(PCA), principal components regression (PCR), or partial least square regression (PLSR) are 
often used.  
NIR spectral data normally undergoes some type of pretreatment before being used in the 
regression. These data pretreatments are used mainly to overcome problems associated with 
baseline shifts or radiation scattering during the measurement. Baseline corrections, standard 
normal variate (SNV), multiplicative scatter correction (MSC), or a derivative-based smoothing 
technique such the Savitzky–Golay (SG) are commonly used (Delwiche and Reeves, 2010) to 
pretreat the spectra. In SNV pretreatment, the average and standard deviation of all the data 
points for each NIR spectrum is calculated. The average value is subtracted from the 
 17 
 
absorbance for every data point and the result is divided by the standard deviation, effectively 
removing the “scatter” or noise and smoothening the spectrum. MSC is achieved by regressing a 
measured spectrum against a reference spectrum and then correcting the measured spectrum 
using the slope and intercept of this linear fit. The SG method, a numerical technique that 
estimates the derivative of a curve is used commonly as it removes constant terms such as a 
baseline shift (Naes et al., 2002) but is susceptible to distortions if severe smoothing is required 
(Stark and Luchter, 1986). The SG algorithm also acts as a filter that combines derivation with a 
moving point smoothing. Using the second derivative of the spectra for calibration is more 
common than using the first derivative because it preserves peak location (Naes et al., 2002). 
Compared to SG derivations, MSC tends to simplify the calibration model; however, it is heavily 
affected if the sum of all the light absorbance constituents does not equal a constant amount 
(Naes et al., 2002). 
After pretreating the spectra of the calibration set, one chooses a regression technique to 
build a model. In MLR, the absorbances at two or more discrete wavelengths are regressed 
against the reference component values. When the whole spectrum or multiple wavebands are to 
be used, PLSR can be used. In PLSR, the X’s are reduced to a smaller set of uncorrelated 
components (or factors) and least squares regression is performed on these components instead 
of the original data. These factors are chosen in such a way as to provide maximum correlation 
with Y (Lattin et al., 2003). 
 The quality of each calibration model may be evaluated using a number of parameters. 
An MLR model’s goodness of fit can be judged by its F-statistic, coefficient of determination 
(R
2
), mean relative error (MRE, %), standard error (SE), residual plot classification (random or 
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systematic). The R
2 
value of the calibration and the validation shows how well the line of 
prediction fits the data, with higher values signifying a more effective fit. High F-statistic and R
2
 
values and low MRE and SE values are desired. A PLSR model’s performance is judged by the 
percentage of variance explained by the number of factors in the model (NF); R
2
; root mean 
square errors of cross validation and prediction (RMSECV and RMSEP, respectively); ratio of 
standard error of performance (SEP) to standard deviation of the reference values (ratio is called 
RPD); and ratio of the standard error of prediction (SEP) to the range (ratio is called RER). A 
high R
2
, low RMSEs, and low SEP are desired. The utility of the model is interpreted often based 
on a set of guidelines developed by a community of NIR researchers (Table 2.2).  
Table 2.2. Guidelines used to interpret correlation coefficient (R
2
), ratio of performance to deviation (RPD) 
and ratio of error to range (RER) values of multivariate models (Williams and Norris, 2001).  
Values of 
Interpretation and utility of multivariate model 
  R
2
 RPD RER 
Up to 0.25 0.0 – 2.3 Up to 6 Very poor, not usable 
0.26 – 0.49 
2.4 – 3.0 7 – 12 
Poor correlation 
0.50 – 0.64 OK for rough screening applications 
0.66 – 0.81 3.1 – 4.9 13 – 20 Fair, OK for screening applications 
0.83 – 0.90 5.0 – 6.4 21 – 30 Good, use with caution 
0.92 – 0.96 6.5 – 8.0 31 – 40 
Very good, use with most applications including 
some quality assurance 
0.98 and above 8.1 and above 41 and above Excellent, use with any application 
 
2.4.2 Previous PLSR models of TAC prediction 
While NIR spectroscopy and PLSR modeling have been in the food and feed industry for 
a long time, few studies have used it to quantify and detect anthocyanins in grain. Most of the 
research has been its use with TAC in fruits and vegetables (Table 2.3). Inácio et al. (2013) 
determined TAC in intact acai and palmitero-jucara fruits. Seven different genotypes of each fruit 
were harvested at commercial maturity stage and tested for TAC using a pH differential method. 
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The fruit juice samples were then scanned from 1000–2500 nm. Using the entire spectra, all 
spectra were SG-pretreated and calibrated against TAC. The best PLSR model had an RMSECV 
= 13.8 g/kg, R
2
val = 0.90 and RPD = 3.08, showing the model may be used for screening 
applications. Meanwhile Xiaowei et al. (2014) demonstrated TAC can be estimated in flowering 
tea using NIR spectroscopy. Dried and powdered samples of tea were scanned over the 714–
2500 nm range. The entire spectra were pretreated with SNV. Full spectrum PLSR models had 
RMSECV = 0.22 mg/g and R
2
val = 0.69. When the spectra were truncated to 1677-1733 nm and 
2091-2179 nm, RMSECV and R
2
val improved to 0.12 mg/g and 0.95, respectively. This study 
affirmed these regions correspond to the absorption of basic anthocyanin structure, as reported 
by Mariani et al. (2015) and Cozzolino et al. (2008).  
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Table 2.3. Efficacy of previous partial least squares regression (PLSR) models for measurement of total 
anthocyanin content (TAC) in foods. 
Source of 
anthocyanin 
TAC expressed 
as 
Spectral pre-
treatment 
Spectral range 
(nm) 
Model parameters Reference 
a
R
2
 
b
RMSECV 
Flowering tea Total 
monomeric 
anthocyanins 
SNV 714 – 2500 
1677 – 1733 
2091 – 2179 
0.69 
0.95 
0.22 mg/g 
0.12 mg/g 
Xiaowei et 
al. (2014) 
Jaboticaba fruit C3G MSC, SG 
smoothing & 
derivative 
1232 – 1279 
1319 – 1522 
1792 – 2009 
0.89 9.11 g/kg 
 
Mariani et 
al. (2015) 
Intact acai & 
palmitero – 
jucara fruit 
C3G SG smoothing 
using 5 points 
714 – 2500 0.90 13.8 g/kg Inácio et al. 
(2013) 
Barley Proantho- 
cyanidins 
MSC & first 
derivative SG 
1100 – 2500 
1415 – 1512 
1650 – 1750 
1955 – 2035 
0.96 
0.97 
25.34 µg/g 
22.71 µg/g 
Verardo et 
al. (2015) 
Sorghum 3 – 
deoxyanthocy-
anidins 
-  400 - 2500 0.98 - Dykes et al. 
(2014) 
Red-grape 
homogenates 
c
M3G Five point 
averaging, SG 
derivative 
400 – 2500 0.90 - Janik et al. 
(2007) 
a
R
2
 values correspond to validation set. 
b
 Root mean square error of cross-validation. 
c
 Malvinidin–3–glucoside. 
In another study by Verardo et al. (2015), proanthocyanidins in different barley 
genotypes were measured using HPLC and further analyzed by NIR spectroscopy. A total of 14 
samples were ground and scanned at 800-2500 nm. PLSR models of MSC and first derivative 
pretreated spectral data. The study explored specific wavelength regions and reported that PLSR 
models based on entire spectral range had RMSECV and R
2
 values of 25.34 µg/g and 0.96, 
respectively. PLSR models based on ranges corresponding to absorption by flavonoid 
compounds (1415–1512, 1650–1750 and 1955–2035 nm) did not significantly improve the R2 
and RMSECV values which were reported to be 22.71 µg/g and 0.97, respectively. The specific 
wavelength regions considered in this study were in line with the regions reported by Xiaowei et 
al. (2014).   
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CHAPTER 3. MATERIALS AND METHODS 
3.1 Corn samples and chemicals 
Three sets of corn samples were used in this study. First, whole corn samples of 72 
accessions were obtained from the Juvik Laboratory in the Department of Crop Sciences at the 
University of Illinois at Urbana-Champaign. These samples were used in the first and third 
objectives of the study and were stored at room temperature prior to laboratory and spectral 
analyses. Second, Pioneer P1221AMXT yellow dent corn was harvested from the Agricultural 
and Biological Engineering Farm in Urbana, IL in October 2014. The corn was stored in sealed 
plastic pails (5 gallon capacity) at -18°C. Third, red corn samples (BGEM-0188-S) were 
obtained from the Juvik Laboratory in the Department of Crop Sciences at the University of 
Illinois at Urbana-Champaign and stored in a sealed plastic bag at -18°C. The second and third 
sets of corn were used in the second objective of this study.  
HPLC grade acetonitrile (100% purity) was purchased from Avantor Performance 
Materials (Center Valley, PA, USA) and ACS reagent grade formic acid (97% purity) was 
purchased from Acros Organics (Pittsburgh, PA, USA). Water was purified by a reverse osmosis 
system (Millipore Synergy 185 Water Filtration System, Alsace, France) and passed through a 
Millipore 0.45 µm LCR syringe filter (Merck Millipore Ltd Tullagreen, Carrigtwohill, County 
Cork, Ireland) prior to use. C3G (99.2% pure with 4.8% moisture content) was purchased from 
Phyto Lab GmbH & Co. (Product No. 89615, Vestenbergsgreuth, Germany), stored at -20°C 
prior to use as standards for the HPLC analysis. C3G (≥ 96% purity) was also purchased from 
Alkemist Labs (Product No. 0915S, Costa Mesa, CA, USA) and mixed with ground corn. 
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3.2 Preparation of blended corn samples 
Two sets of blended corn samples were prepared. The first set was a blend of ground 
yellow dent corn with C3G. A 33 g sample of corn was placed in a grinder (Model No. 80350, 
Hamilton Beach, Southern Pines, NC, USA) and ground for 3 min. A 30 g subsample of ground 
corn was manually mixed with 30 mg of C3G to yield a stock blend of 1000 mg/kg TAC, which 
was serially diluted with ground yellow corn to yield 250, 500, and 750 mg/kg TAC (Table 3.1).  
Table 3.1. Summary of blended corn samples and their theoretical total anthocyanin content (TAC). Each 
treatment (theoretical TAC) was replicated three times. 
Set 1. Yellow dent corn 
 Mass of stock blend, m1 (g) 
(x1=1000 mg/kg TAC) 
Mass of ground corn, m2 (g) 
(x2 = 0 mg/kg TAC) 
Theoretical TAC of blend
1
 
 (x3, mg/kg) 
B
at
ch
 1
 
0.00 2.50 0 
0.75 2.56 250 
1.20 1.46 500 
2.00 0.96 750 
2.20 0.24 1000 
B
at
ch
 2
 
0.22 1.98 100 
0.44 1.76 200 
0.66 1.54 300 
0.88 1.32 400 
1.32 0.88 600 
1.54 0.66 700 
1.76 0.44 800 
1.98 0.22 900 
Set 2. Red corn (phlobaphene) 
 Mass of stock blend, m1 (g) 
(x1=1000 mg/kg TAC) 
Mass of ground corn, m2 (g) 
(x2 = 0 mg/kg TAC) 
Theoretical TAC of blend
1
  
(x3, mg/kg) 
 0.00 2.50 0 
 0.25 2.25 100 
 1.25 1.25 500 
 2.00 0.50 750 
1
The blending process was guided by the following mass balance: m1x1 + m2x2 = (m1 + m2)x3. 
A second stock blend of 1000 mg/kg TAC was prepared using the same procedure and 
serially diluted to yield 100, 200, 300, 400, 600, 700, 800, and 900 mg/kg TAC. All blends were 
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manually blended in a glass vial using disposable spatulas to avoid cross-contamination of 
samples. Once blended, each vial was wrapped with aluminum foil and stored at 4
°
C to mitigate 
degradation of anthocyanin. A final set of blended corn samples (100, 500, and 750 mg/kg TAC) 
was prepared using the same procedure with ground red corn which contained phlobaphenes.  
3.3 Collection of L*a*b* values and NIR spectra  
All whole corn kernels samples were scanned using LabScan XE spectrophotometer 
(Model LSXE/UNI, Hunter Associates Laboratory Inc., Reston, VA, USA) (Figure 3.1). 
Approximately 10 g of corn sample was poured into a plastic cup such that the bottom of the cup 
was completely covered with the sample. The first set of L*a*b* values were obtained, then the 
sample was re-packed into the cup, and a second set of L*a*b* values were obtained. Both sets 
of L*a*b* values were averaged in a spreadsheet (MS Excel, Version 2013, Microsoft Corp. 
Redmond, WA, USA) prior to MLR modeling.  
 
Figure 3.1. Measurement of L*a*b* values of whole corn kernels using LabScan XE spectrophotometer. 
All blended corn samples were scanned in a Fourier transform near infrared (FT-NIR) 
spectrophotometer (Spectrum One NTS, Perkin Elmer, Waltham, MA, USA) from 10000 to 
4000 cm
-1
 (1000–2500 nm) with a resolution of 1 cm-1 (Figure 3.2). For each blended corn 
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sample, approximately 2.5 g was poured in a 35 mm dia. x 10 mm height glass bottom petri dish 
(Catalogue No.14021-20, Ted Pella Inc., Redding, CA, USA) and leveled with a disposable 
spatula. The dish was covered with a glass lid and total of six scans were saved and averaged. 
The full dish was covered, scanned 180 times, and manually rotated 60° between five more 
scans. The six scans for each sample was saved, averaged in a spreadsheet (MS Excel, Version 
2013) and used in subsequent PLSR modeling.  
 
Figure 3.2. Collection of Fourier transform near infrared (FT-NIR) spectra of a blended corn sample using 
Spectrum
TM
 One NTS spectrometer. 
Uncover & dry samples 
in desiccator for 72h
Fill cup & level 
with spatula
Cover
Is n = 6?
Is sample 
dry?
PLSR 
Modeling
 Rotate sample 60° 
Scan
Average spectra & save
YesNo
Yes
No
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Even though the blended corn samples were made of ground corn at a low moisture 
content that is safe for storage, the NIR scans were designated for “wet” blended corn samples. 
Since the NIR absorption bands for moisture may overlap with the absorption bands for 
anthocyanin, NIR scans of “dry” blends were needed for comparison. Thus, the dishes full of 
blended corn samples were uncovered and placed in a desiccator (Product No. 10175-19, Ace 
Glass Inc., Vineland, NJ, USA) at room temperature for three days to dry out the blends. The 
dried blends were scanned using the same procedure and the NIR scans were designated for 
“dry” blends prior to use in PLSR modeling. Afterwards, all samples were stored at 1°C prior to 
anthocyanin extraction and HPLC analysis. The initial moisture content and moisture content 
post desiccation of blends was determined by the 135 °C, 2 hours air-oven method (AACC 
International, 2010). Three replicates with sample size of approximately 25 g ground yellow corn 
each were used for moisture analysis. The initial and post-desiccation moisture content values for 
ground yellow corn blends noted in section 4.3.5 are an average of three replicates each. Due to 
limited availability of red corn samples, moisture analysis was carried out using a sample size of 
8.5 g ground red corn with one replicate for initial and post-desiccation moisture analysis each. 
Results are presented in section 4.3.5. 
In a food processing plant, it is not often practical to dry and grind incoming raw 
materials for analysis. Therefore, it is advantageous to determine whether TAC may be predicted 
using the spectra of whole corn kernels collected using an NIR analyzer typically used for on-
line or at-line applications in the food and agri-industries. Therefore, whole corn kernels of 
various accessions (first set) were scanned using an NIR analyzer (Model DA 7200, Perten 
Instruments, Hägersten, Sweden) at 950-1650 nm at a resolution of 5 nm (Figure 3.3). Two types 
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of cups were used during scanning depending on sample size. For samples greater than 30 g, 
approximately 25 g whole corn kernels were poured into a cup (14 cm dia.) and placed on a 
spinner that allowed for 180 individual spectra to be collected and averaged as the cup rotated for 
approximately 3 s. The spectra were averaged by an on-board software (Version 4.0.2.1, 
Simplicity Software Technologies Inc., San Bernardino, CA, USA) and saved. The sample was 
re-packed and re-scanned. The average of the two spectra collected per sample was calculated in 
a spreadsheet (MS Excel, Version 2013), saved, and used in PLSR modeling. For samples less 
than 30 g, approximately 10 g whole corn kernels were poured into a smaller cup (7.5 cm dia.) 
and scanned. The cup was manually rotated 60° and re-scanned. A total of six scans (6 x 60° = 
360° rotation) was collected for each sample, saved, and averaged for PLSR modeling.  
 
Figure 3.3. Collection of near infrared (NIR) spectra using a Perten DA 7200 analyzer.  
Whole corn kernels
(stored at room temperature)
Is sample size 
> 30g ?
25 g sample placed 
in 14 cm dia. cup
10 g sample placed 
in 7.5 cm dia. cup
Scan in NIR (2x)
using spinner 
Scan in NIR (6x)
and manually rotate 
PLSR modeling
Yes No
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The NIR analyzer had been previously calibrated with yellow corn samples and, along 
with the NIR absorbance spectrum, estimates of moisture, starch, oil, protein, fiber, and ash 
content were also recorded. Estimates of the composition of phlobaphene-containing samples 
should be used with caution since the instrument was calibrated with phlobaphene-free samples.  
3.4 Anthocyanin extraction and HPLC analysis 
C3G was dissolved in water to form a stock solution of 2 mg C3G/ml. By serial dilution 
in formic acid, standard solutions of 1, 5, 10, 50, 100, 500, and 1000 µg/ml were prepared so the 
final formic acid concentration was 2% (v/v). To determine the TAC of the whole corn samples, 
approximately a 5 g sample of kernels were ground to a fine powder using a coffee grinder 
(Model 80350, Hamilton Beach Brands Inc., Glen Allen, VA) (Figure 3.4).  
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Figure 3.4. Procedure for total anthocyanin content (TAC) extraction and determination  
by high performance liquid chromatography (HPLC).  
START
Is sample 
whole or 
blended?
whole 
corn
blended 
corn
Grind 5 g 
sample
Mix 1 g + formic acid 
(2% v/v, 40 ml)
Shake (150 RPM, 2 h) 
at room temperature
Centrifuge 
(160 g, 15 min)
Mix 1 g flour + formic 
acid (2% v/v, 5 ml) 
overnight at room 
temperature
Centrifuge 
(160 g, 15 min)
Filter supernatant 
(0.45 mm filter syringe)
Filter supernatant 
(Whatman #1 filter paper)
Filter supernatant 
(0.45 mm filter syringe)
Transfer 500 ml 
into vial
Is there 
1500 ml 
in vial?
Recover 
solids
Add formic acid 
(2% v/v, 40 ml)
noyes
Inject 20 ml sample 
into HPLC
END
Obtain mg/ml C3G 
equivalent
Calculate TAC
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A 1 g subsample of ground corn was transferred into a 15 ml centrifuge tube into which 5 
ml of 2% (v/v) formic acid was added. The solution was purged of air with argon gas (> 99.9%). 
The tube was placed on a LabQuake rotator (Catalogue No. 400110Q, Thermo Scientific, 
Waltham, MA) overnight and kept in the dark at room temperature. Afterwards, solutions were 
centrifuged (Model No. CT1004/D, Clay Adams, Becton, Dickinson and Co., Franklin Lakes, 
NJ, USA) at 160 g for 15 min. The supernatant was filtered through a 0.45 mm syringe filter 
(Model SLCR025NB, Millipore Millex-LCR, Merck KGaA, Billerica, MA, USA) and stored at 
4°C until transferring into a vial for HPLC analysis. 
To determine TAC of the blended corn samples, extraction was carried out in three stages 
(Figure 3.4). First, approximately 1 g of the desiccated blend was transferred into a labelled 50 
ml centrifuge tube (Tube A) and mixed with 40 ml of 2% (v/v) formic acid by placing the tube 
on a LabQuake shaker (Thermo Scientific, Waltham, MA) at room temperature and 150 rpm 
rotation for 2 h. Afterwards, the solution was centrifuged (Model No. CT1004/D) at 160 g for 15 
min. The supernatant was filtered using a Whatman #1 filter paper and funnel into a second 
labeled 50 ml centrifuge tube (Tube B). The collected supernatant was further filtered using a 
0.45 µm syringe filter (Model SLCR025NB) and transferred into a labeled 2 ml microcentrifuge 
tube. The first extract was stored at 4
o
C until HPLC analysis. After the first extraction, Tube A 
was refilled with 40 ml of 2% (v/v) formic acid. Ground corn residue on the filter from the first 
extraction was carefully scraped off using a clean spatula and transferred into Tube A. Again, 
Tube A was shaken for 2 h at 150 rpm, centrifuged, and filtered. The second extract was 
obtained and transferred into a separate microcentrifuge tube using a 0.45 µm syringe filter. The 
process was repeated one final time to yield a third extract. The three extracts were combined by 
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transferring 500 µl from each of the three extracts into an HPLC vial for analysis.  
TAC of whole corn and blended corn samples were determined using high-performance 
liquid chromatography (HPLC) (Model L-7250, Hitachi High Technologies America Inc., 
Schaumburg, IL, USA). The HPLC was equipped with a Grace
TM
 Alltech
®
 PrevailTM C18 
column (5 µm; 4.6 x 250 mm; W. R. Grace & Co., Columbia, MD, USA) and maintained at 
30°C. A 20 µl aliquot of each sample was injected for analysis. The mobile phase was a linear 
gradient of 2% (v/v) formic acid and acetonitrile beginning at 0% acetonitrile and continuing 
linearly to 10% acetonitrile at 3 min, then 40% acetonitrile at 30 min and back to 0% acetonitrile 
at 35 min. The column was eluted for 10 min after each sample with 0% acetonitrile. C3G was 
used as an external standard to quantify TAC. Standard solutions were injected separately into 
the HPLC. A linear calibration to measure C3G content was conducted in a spreadsheet (MS 
Excel, Version 2000) and used to calculate TAC.  
TAC was estimated in terms of µg C3G equivalents per ml using the standard calibration 
curve. These values were used to determine the TAC of whole corn and blended corn samples 
using Equations 3.1 and 3.2, respectively. It should be noted that for whole corn samples, each 
extraction involved a dilution factor of 5 ml/g of ground corn (Equation 3.1) and, for the blended 
corn samples, each extraction involved a dilution factor of 40 ml/g of ground sample (Equation 
3.2). 
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 31 
 
3.5 Data analyses and modeling 
3.5.1. Anthocyanin content of whole corn and blended corn samples 
 TAC of whole corn samples and blended corn samples were tabulated and statistically 
described. The difference between theoretical and actual TAC were tested for significance at  = 
0.05 to assess the efficacy of the blending and extraction procedures. For each set of corn 
samples (e.g., whole corn of various accessions, blended corn samples using yellow dent or red 
corn containing phlobaphene), the samples were parsed into a calibration set and a validation set. 
Care was taken so that both sets had comparable ranges, means and standard deviations of actual 
TAC values.  
3.5.2. Modeling of L*a*b* values 
L*a*b* values were first correlated to the actual TAC values using simple linear 
regression in MS Excel (Version 2013, Microsoft Corp., Redmond, WA, USA) followed by 
MLR. MLR was conducted using R (Version 0.98.1091, RStudio Inc., Boston, MA). The R code 
is provided in Appendix A. MLR Model No. 1, a linear combination of L*a*b* values and their 
interactions, was calibrated against TAC: 
   (
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    ( 
   )    ( 
   )    ( 
   )    ( 
     ) [3.3] 
MLR Model No. 2 was developed using only those terms from Model No. 1 that were 
statistically significant at α = 0.05: 
   (
  
  
)          
      
     ( 
   )     ( 
   ) [3.4] 
where 0 and     are the intercepts; 1, 2, 3,   , and     are the coefficients of individual 
L*a*b* values and 4 to 7,    , and     are the coefficients of the interactions of L*a*b* values. 
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Both these models were calibrated using two different calibration sets, one set that included 
anthocyanin-containing samples only and the other one that included both anthocyanin and 
phlobaphene-containing samples. These models were then validated using two different 
validation sets, one set that included anthocyanin-containing samples only and a second set that 
included both anthocyanin and phlobaphene-containing samples. The performance of these 
models were compared and the data is presented in Table 4.1.  
Predicted TAC values were calibrated against observed TAC values and residuals were 
calculated. Each MLR model’s goodness of fit was evaluated using the following parameters: 
MRE (%, Equation 3.5), SE (mg/kg, Equation 3.6), F-statistic, coefficient of determination (R
2
), 
residual plot classification (random or systematic), and calibration plots of the predicted vs. 
reference TAC values.  
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F-statistic and R
2
 values were obtained from the ANOVA table of the MLR. The best-fit models 
were determined to have a low MRE, low SE, high F-statistic and high R
2
, random residual plots, 
and a calibration with a slope = 1 and an intercept = 0. Hypothesis testing of the slope and 
intercept were tested at a confidence level  = 0.05 using the Data Analysis Tool Pack in MS 
Excel.  
3.5.3 Modeling of FT-NIR and NIR spectra 
All FT-NIR and NIR spectral data of the “wet” blended corn samples were imported into 
Unscrambler
®
 (Version 10.3, Camo Software, Inc., Woodbridge, NJ) (Figure 3.5). Two 
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preprocessing techniques were applied to the spectra: MSC and derivative estimation using the 
SG algorithm. First (SG1) and second (SG2) derivatives were estimated using a second order 
polynomial with 11 to 101 data points. The pretreated spectra were calibrated against actual TAC 
(mg/kg) using PLSR using a non-iterative partial least squares (NIPALS) algorithm. Resulting 
models were cross-validated with the calibration data set divided into 20 segments, with a 
minimum of two samples per segment. Martens uncertainty test was conducted during cross 
validation. 
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Figure 3.5. Flow chart of the partial least squares regression (PLSR) modeling process. 
Martens Uncertainty test validates the PLS model choosing segmented cross-validation as 
deemed appropriate for given data. A number of sub-models are created through the cross-
validation option. These sub-models are based on the samples that were not held out of the cross-
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validation segment. For each sub-model a set of model parameters, regression coefficients, and 
scores are calculated. In addition, an overall model is generated based on all the samples. For 
each variable the software calculates the difference between the regression coefficient, bi in a 
sub-model, and the ball for the overall model. The sum of the squares of the differences in all the 
sub-models is used to estimate an expression of the variance of the bi estimate for the i
th
 variable. 
Using a t-test, we can calculate the significance of the estimate of bi. Thus, from the resulting 
regression coefficients with uncertainty limits that correspond to two standard deviations under 
ideal conditions, the uncertainty test determines which variables are significant. Non-significant 
variables often display non-structured variation, i.e. noise. And their removal results in a more 
stable and robust model with a decrease in the prediction error. Spectroscopic calibrations work 
better if the noisy wavelengths are removed. Therefore, non-significant wavenumbers identified 
by the uncertainty test were removed and the calibration model was re-calculated, cross-
validated, and finally validated with an independent validation set.  
All models developed were evaluated on the following parameters: NF, R
2
, RMSECV, 
RMSEP, SEP, RPD, and RER, following the guidelines described in Table 2.2. In an iterative 
process, PLSR models were developed until the lowest NF, RMSECV, RMSEP, and SEP were 
achieved while maintaining high R
2
, RPD, and RER values. The PLSR model with these 
attributes was deemed the “best” model.  
The PLSR models were also evaluated on their ability to differentiate between samples 
containing phlobaphenes from those that did not. Each PLSR model generates a scores plot, 
which is a scatter plot of each sample’s spectrum in a subspace where the coordinate axes are the 
factors of the model. Typically, Factors 1 and 2 are the x- and y-axes, respectively, of the 
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subspace since they explain the majority of the variance explained by the PLSR model. Samples 
with similar properties will have similar spectra and tend to cluster together in a scores plot. 
Hence, each PLSR model developed were evaluated on the clustering of two groups of samples, 
based on phlobapehene presence, in the model’s scores plot. Furthermore, because of the few 
samples available in this study, the best model was recalculated using a different calibration and 
validation set by randomly reparsing the original data set. This recalculation was conducted to 
ensure that the best models was, indeed, selected. The best model was also recalculated using the 
NIR spectra of the “dry” blends to evaluate the effects of low moisture content on TAC 
prediction.  
3.5.4. Predicting anthocyanin content of whole corn kernels using an NIR analyzer  
Results from modeling the NIR spectra of blended corn samples were used to guide the 
modeling of the whole corn NIR spectra. The whole corn samples were parsed into calibration 
and validation sets and care was taken so that both sets had comparable ranges, means and 
standard deviations of actual TAC values. The NIR spectra were pretreated and calibrated against 
TAC, cross-validated, and validated. During the cross-validation step, important wavebands were 
identified using the Martens uncertainty test. The resulting models were evaluated using the 
same criteria in Section 3.5.2 and compared to the best model determined for blended corn 
samples. Since the NIR spectra of the whole corn samples had a narrower range (950-1650 nm) 
than the NIR spectra of blended corn samples (4000-10000 cm
-1
 or 1000-2500 nm), critical 
wavebands for anthocyanin from the first overtone (1400-1900 nm) and combination bands 
(1900-2500 nm) regions may not be included in the PLSR model for whole corn samples.    
 37 
 
Table 3.2. Summary of materials and methods used for objectives 1-3 
 Objective 1 Objective 2 Objective 3 
Sample set 72 whole corn samples 51 blended corn samples 72 whole corn samples 
TAC range (mg/kg) 0 – 790  0 – 1154  0 – 790  
TAC quantification 
(Reference method) 
HPLC
a
 HPLC HPLC 
Scanning instrument LabScan XE 
Spectrophotometer 
Spectrum
TM
One NTS 
Spectrophotometer  
Perten DA 7200 Analyzer 
Scan range 400 – 700 nm 10000 – 4000 cm-1 950 – 1650 nm 
Resolution - 1 cm
-1
 5 nm 
Data analysis MLR
b
 using R 
programming 
PLSR
c
 using 
Unscrambler® software 
PLSR using 
Unscrambler® software 
Evaluation parameters MRE
d
, SE
e
, F-statistic, R
2
, 
residual plot, calibration 
plots 
NF
f
, R
2
, RMSECV
g
, 
RMSEP
h
, SEP
i
, RPD
j
, 
RER
k
, scores plot 
NF, R
2
, RMSECV, 
RMSEP, SEP, RPD, RER, 
scores plot 
a 
High performance liquid chromatography; 
b
 Multiple linear regression; 
c
 Partial least squares regression; 
d
 Mean 
root-square error;
 e
 Standard error; 
f
 No. of factors; 
g
 Root mean square error of cross validation; 
h
 Root mean square 
error of prediction; 
i
 Standard error of prediction;
 j
 Ratio of standard error of prediction to standard deviation; 
k
 Ratio 
of standard error of prediction to range.  
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CHAPTER 4. RESULTS AND DISCUSSION 
4.1 Anthocyanin content of whole corn samples  
The levels of anthocyanin in the 72 whole corn accessions ranged from 0 to 790 mg/kg 
with a mean and standard deviation of 83.1 ± 146.4 mg/kg (Figure 4.1; Appendix A, Table A.1). 
The TAC distribution of the full data set was positively skewed with a majority of the samples 
having less than 300 mg/kg TAC. The whole corn samples were parsed into two calibration and 
three validation sets. Set A did not include any phlobaphene-containing samples while Sets B 
and C included samples that were randomly selected from the full data set and included 
phlobaphene-containing samples. The means and standard deviations of the two calibration sets 
were comparable; and, likewise, of the three validation sets. 
 
Figure 4.1. Distributions of total anthocyanin content (TAC) of the full data (72 whole corn accessions), 
calibration and validation sets for multiple linear regression (MLR) of L*a*b* values.  
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Of the 72 samples, 14 samples (No. 1–14), with 0 mg/kg of TAC, appeared yellow/orange 
in color since pigmentation in these samples was attributed to the presence of lutein and 
zeaxanthin, which are the dominant carotenoids in yellow corn (Kurilich and Juvik, 1999). 
Majority of the samples (No. 15–63) contained detectable anthocyanins with TAC ranging from 
1.6–790 mg/kg. These samples were purplish to bluish in color and appeared darker as the TAC 
increased. Several corn accessions (No. 64–70) contained no detectable anthocyanin albeit being 
reddish in color, due to the presence of phlobaphenes. Their TAC was undetectable by the 
extraction and HPLC methods. Only two samples in the entire data set (No. 71 and 72) contained 
both phlobaphenes and detectable anthocyanins. These samples had a tinge of red but were 
predominantly blue in color due to the presence of phlobaphenes and anthocyanins, respectively.  
Images of the whole corn samples and their corresponding TAC and L*a*b* values are included 
in Appendix A, Figures A.1 to A.3. 
4.2 Multiple linear regression of L*a*b* values  
Based on the a and b values, 75% of the total corn samples exhibited reddish-blue 
coloration (Figure 4.2). This group was predominantly made of corn samples containing 
anthocyanins only. Three samples – Sample nos. 67, 69 and 33 – had zero anthocyanin content 
but were included in this group. Samples that contained both anthocyanins and phlobaphenes – 
Sample No. 71 and 72 – also were part of this group. This suggested that it may be possible to 
distinguish yellow corn samples from the reddish-blue samples using b* values alone. TAC and 
L*a*b* values do not share a simple linear relationship; the relationships can best be described 
by high order polynomials but the fits were still poor – standard  error of regression, 81.5  SE  
137.0 mg/kg and R
2
 < 84% (Figure 4.3).  
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Figure 4.2. Values of a and b of whole corn samples. Corn sample numbers from Appendix A, Table A.1 are 
indicated in parentheses. 
 
Figure 4.3. Polynomial curve-fitting of L*a*b* values to total anthocyanin content (TAC). 
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Table 4.1. Estimated multiple linear regression (MLR) model parameters and statistical indicators developed 
using L*a*b* data based on Equations 3.3 and 3.4.  
MLR Model No.  1 2 
Calibration set A A B A A 
Validation set A B C A B 
Calibration      
coefficients
a
 variable      
0 ± SE
b
 (intercept) 953.8 
± 126.1 
953.8 
± 126.1 
971.5 
± 130.8 
751.2 
± 88.0 
751.2 
± 88.0 
1 ± SE L* -21.5 
± 3.7 
-21.5 
± 3.7 
-20.4 
± 3.9 
-16.5 
± 2.2 
-16.5 
± 2.2 
2 ± SE a* -66.7 
± 20.5 
-66.7 
± 20.5 
-75.6 
± 23.3 
-32 
± 12.7 
-32 
± 12.7 
3 ± SE b* -14.6* 
± 13.0 
-14.6* 
± 13.0 
-28.8 
± 11.4 
--- --- 
4 ± SE L*a* 1.5 
± 0.6 
1.5 
± 0.6 
1.5 
± 0.6 
0.4 
± 0.3 
0.4 
± 0.3 
5 ± SE L*b* 0.5 
± 0.2 
0.5 
± 0.2 
0.6 
± 0.2 
0.2 
± 0.1 
0.2 
± 0.1 
6 ± SE a*b* 0.7* 
± 1.5 
0.7* 
± 1.5 
2.6 
± 1.0 
--- --- 
7 ± SE L*a*b* -0.03* 
± 0.02 
-0.03* 
± 0.02 
-0.05 
± 0.02 
--- --- 
MRE
c
 (%)           
calibration 96.2 96.2 50.1 149.5 149.5 
validation 136.0 24.2 130.3 71.8 23.8 
SE
d
 (mg/kg) 87.4 87.4 90.5 91.2 91.2 
F-statistic  14.4 14.4 13.2 21.6 21.6 
R
2
      
calibration 0.67 0.67 0.64 0.64 0.64 
validation 0.81 0.60 0.75 0.74 0.59 
Residual pattern systematic systematic systematic systematic systematic 
a
Values denoted with an asterisk (*) are not different from zero (p > 0.05). 
b
SE = standard error of the coefficient value. 
c
Determined using Equation 3.3 for samples with TAC > 0 mg/kg. 
d
Standard error of the regression and determined using Equation 3.4. 
 
  Results showed that coefficients of b* term and of the interaction terms, a*b* and 
L*a*b*, were found to be naught (p > 0.05, Table 4.1). The model had a SE = 87.4 mg/kg, 
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MREcal of 96.2%, F-statistic = 14.4, R
2
cal = 0.67, and R
2
val = 0.81 when validated with Set A. 
When this model was re-calculated without the nonsignificant terms (Model No. 2), the 
coefficient estimates decreased and small increases in SE, MRE, and F-statistic values were 
found. However, no remarkable increase was found with R
2
cal (0.64) or R
2
val (0.74). When both 
Model Nos. 1 and 2 were validated with Set B, R
2
val decreased to 0.60 and 0.59, respectively, 
suggesting that phlobaphenes interfered with the model’s prediction of TAC. This was to be 
expected since Model Nos. 1 and 2 only included the b* values, which express the redness of the 
samples, in the L*b* interaction term. When Model No. 1 was re-run again, this time with 
Calibration Set B and Validation Set C, all terms of the model were found to be significant 
(Table 4.1). Only the coefficient of the L*a*b* interaction term was nearly naught (-0.05), but it 
was, otherwise, significant. Overall, this model had comparable MRE, SE, F-statistic and R
2
 
values to the previous results. However, with all models having systematic residual patterns and 
poor calibration plots (Figure 4.4), their practical utility in predicting TAC is limited.  
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Figure 4.4. Comparison of predicted to measured total anthocyanin content (TAC) of whole corn samples. 
The slopes and intercepts were calculated for the combined calibration and validation data sets. Values 
denoted with an asterisk (*) are not different from zero (p > 0.05). 
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The yellow corn blends had measured TAC of 0-1154 mg/kg while the phlobaphene 
blends had measured TAC of 0-870 mg/kg (Appendix B, Table B.1). Overall, these measured 
values were lower than the theoretical TAC values. Measured TAC values of all yellow and 
phlobaphene blends were distributed about the line with a slope of 0.91 except the sample with a 
measured TAC of 1154 mg/kg (Figure 4.5). This sample increased the range of the data set; the 
next highest value in the sample set was 904 mg/kg. The discrepancy can be attributed to errors 
-150
0
150
300
450
600
750
900
Model 1
Calibration A
Validation A
0 = 24.8
1 = 0.75
Model 1
Calibration A
Validation B
0 = 18.6*
1 = 0.80
Measured TAC (mg/kg)
Measured TAC (mg/kg)
P
re
d
ic
te
d
 T
A
C
 (
m
g
/k
g
)
0 300 600 900
Model 2
Calibration A
Validation B
0 = 30.2
1 = 0.72
0 300 600 900
-150
0
150
300
450
600
750
900
Model 2
Calibration A
Validation A
0 = 36.0
1 = 0.69*
0 300 600 900
Model 1
Calibration B
Validation C
0 = 26.7
1 = 0.71
Calibration samples
Validation samples
0 = Intercept
1 = Slope
 44 
 
associated with the blending process, multiple transference of samples, TAC extraction and 
calibration of the HPLC method. The coefficient of variation (CV) of the blends ranged from 
0.03 to 0.23 with an average of 0.09 (Appendix B, Table B.1). The highest CV occurred with 
yellow corn blends having TAC = 100 mg/kg, which was the only blend to be prepared with very 
low amount of C3G. Overall, these low CV values showed that the blending, transference and 
HPLC analysis of samples were consistent and blending and handling errors were minimized as 
the TAC of the blends increased. 
 
Figure 4.5. Comparison of measured to theoretical total anthocyanin content (TAC) of blended corn samples. 
Values denoted with an asterisk (*) are not different from zero (p > 0.05). Red corn blends contain 
phlobaphenes. 
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Validation Sets D and E and in Calibration Set F. The calibration and validation sets in each 
combination had comparable means and standard deviations but different TAC ranges. 
 
Figure 4.6. Parsing of blended corn samples into calibration and validation sets for partial least squares 
regression (PLSR) of Fourier transform near infrared (FT-NIR) spectra. 
4.3.2 FT-NIR spectra of blended corn samples 
The raw spectra of yellow and phlobaphene blends showed prominent peaks, both crests 
and troughs, at 7690–6670, 6250, 5500–5000, 4760 and 4350 cm-1, which correspond to 1300-
1500, 1600, 1800–2000, 1950, 2100 and 2300 nm, respectively (Figure 4.7a, b). The 1200-1500, 
1600-2000, and 2200-2400 nm regions have been shown to correspond to absorption by 
anthocyanins (Xiaowei et al., 2014 and Mariani et al., 2015). The raw spectra of ground yellow 
and ground phlobaphene (both with TAC = 0 mg/kg) were similar (Figure 4.7c).  
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Figure 4.7. Fourier transform near infrared (FT-NIR) spectra of (a) “wet” yellow corn blends with total 
anthocyanin content (TAC) = 0 and 905 mg/kg (b) “wet” yellow and phlobaphene blends with TAC = 481 and 
486 mg/kg, respectively (c) “wet” yellow and phlobaphene blends with TAC = 0 mg/kg (d) “wet” and “dry” 
yellow corn blends with TAC = 0 mg/kg. Shaded regions represent previously reported absorption wavebands 
of anthocyanin. Every 100
th
 datum was represented with a symbol to better distinguish spectral curves. Red 
corn blends contain phlobaphenes. 
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However, while anthocyanins and phlobaphenes are similar in structure (Figures 2.1 and 
2.2), there are dissimilarities in number of aromatic rings and side group chains. These 
differences were observed after pretreating the NIR spectra. The spectra of ground phlobaphene, 
after MSC + SG1 pretreatment, showed peaks in the 7300-6800, 5260-5000, 4760-4540, and 
4160 cm
-1
 regions (Figure 4.8). The second region was noted previously for phenyl rings, while 
the third and fourth regions were noted for benzyl rings (Williams and Norris, 2001). The region 
around 7100 cm
-1
 has been noted for absorption by phenolic compounds (Holler et al., 2009). 
The spectra of yellow corn blend (TAC = 85 mg/kg), after MSC + SG2 pretreatment, showed 
higher peaks in the second and third regions than a phlobaphene blend with TAC = 0 mg/kg, 
indicating a stronger presence of benzyl rings which are fewer in phlobaphene-containing 
phlobaphene (Figure 4.8). Regions corresponding to absorption due to other components present 
in corn, like starch, oil and protein also interfered with anthocyanin absorption wavebands. The 
5319-5225 cm
-1
 region has been reported for starch due to O-H and C-C stretching (Hao et al., 
2012), and wavenumbers 4333 and 4274 cm
-1 
have been reported for absorption due to CH2 
bonds that indicate the presence of oil or fat (Paulsen et al., 2003). These regions coincide with 
anthocyanin absorption mainly because of the presence of CH2, O-H and C-C stretching bonds in 
anthocyanin compounds as well. A small region (4673-4587 cm
-1
) that has been reported for 
protein (Paulsen et al., 2003) also coincides with anthocyanin absorption. Because all yellow 
corn blends were prepared using the same corn (P1221AMXT) and, likewise, all phlobaphene 
blends were prepared using the same corn (BGEM-0118-S), variations due to other components, 
such as moisture, starch, oil, and protein content, had been minimized and only TAC and 
phlobaphene content were expected to vary amongst samples.  
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Figure 4.8. Effects of derivative order on Savitzky-Golay (SG) derivative estimation. Shaded regions 
represent previously reported absorption wavebands of anthocyanin. Every 50
th
 datum was represented with 
a symbol to better distinguish spectral curves. Red corn blends contain phlobaphenes. 
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4.3.3. Pretreatment of FT-NIR spectra 
To remove baseline shifts and noise in the spectra arising from the nonhomogeneity of 
the blended corn samples, MSC, SG derivative and combinations thereof were used (Appendix 
B, Figures B.1 and B.2). The MSC pretreatment tended to correct simple baseline shifts without 
overprocessing, or changing, the appearance or location of peaks as much as the SG derivative 
pretreatment. Derivative-based pretreatments (SG1 and SG2), however, tended to enhance the 
differences across spectra, keeping in mind that the location of peaks and troughs may shift 
depending on the number of smoothing points included in the algorithm. Too few smoothing 
points tended to result in noisy, or undersmoothed, derivative curves whereas too many 
smoothing points resulted in oversmoothed curves, where small changes or differences that need 
to be enhanced tended to get eliminated. These tendencies were noted by other researchers when 
pretreating NIR spectra (Janik et al, 2007; Inácio et al, 2013; Xiaowei et al, 2014; Verardo et al, 
2015; Mariani et al, 2015) and by Plumier (2013) when developing PLSR models to predict 
unreacted starch content of corn. Concentrating on the regions identified in Section 4.3.2, a 
combination of MSC with SG1 and SG2 pretreatment with 31-41 smoothing points was 
necessary to draw out the differences in the spectra (Figure 4.8). 
4.3.4. PLSR models 
PLSR models were first developed with the wet blended samples. Model No. 1 was based 
on MSC pretreated spectra alone yielded extremely poor explained variance (34.1%), R
2
val (0.05) 
and RPD (1.0) values (Table 4.2) with no notable separation between yellow and phlobaphene 
blends in the scores plot (Figure 4.9). When SG1 derivitized spectra were used in Model No. 2, 
explained variance (75.6%), R
2
val (0.34), and RPD (1.2) values improved (Table 4.2).   
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Table 4.2. Partial least squares regression (PLSR) models developed using calibration set D and validation set D and various preprocessing techniques. 
PLSR Model No. 1 2 3 4 5 6 7 8 9 10 
Spectral range  Full
a
 Full Full Full Full Full Full Full 
Marked 
only
b
 
Marked 
only 
Data preprocessing MSC SG1 SG2 
MSC + 
SG2 
MSC + 
SG2 
MSC + 
SG2 
MSC + 
SG2 
SG2 
+MSC 
MSC + 
SG2 
MSC + 
SG2 
Polynomial order -- 2 2 2 2 2 2 2 2 2 
No. of smoothing points -- 31 31 31 35 37 41 37 37 35 
No. of factors, NF 3 5 6 7 7 7 7 7 5 5 
Explained variance (%) 34.1 75.6 98.3 99.0 98.7 98.5 99.0 99.1 90.6 90.0 
R
2 
 
          
    Calibration 0.34 0.76 0.98 0.99 0.99 0.98 0.99 0.99 0.91 0.90 
    Validation 0.05 0.34 0.26 0.41 0.53 0.58 0.56 0.60 0.43 0.45 
RMSE (mg/kg) 
          
    Cross validation,   
RMSECV 
267.2 236.1 200.2 196.2 188.9 186.3 177.2 189.6 116.7 119.0 
    Validation, RMSEP 365.0 306.7 332.2 319.6 275.5 263.0 270.8 262.4 294.8 303.2 
SEP (mg/kg) 385.3 322.6 336.3 304.5 271.3 262.7 272.9 248.0 301.9 305.7 
RER 3.0 3.6 3.4 3.8 4.3 4.4 4.2 4.7 3.8 3.8 
RPD 1.0 1.2 1.2 1.3 1.4 1.5 1.4 1.6 1.3 1.3 
a
Models were based on entire spectral range, 4000 to 10000 cm
-1
. 
bModels were based only on the specific wavebands suggested by Marten’s uncertainty test. 
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These parameters further improved when SG2 derivitized spectra were used in Model 
No. 3, and in combination with MSC in Model No. 4 (Table 4.2). The scores plot of Model No. 4 
indicated it could distinguish yellow corn blends from phlobaphene blends (Figure 4.9).  Models 
with combined SG1 and MSC were tried but did not perform as well as models reported in Table 
4.2 (Appendix B, Table B.2). Thus, PLSR modeling proceeded with a strong focus on a 
combined MSC and SG2 pretreatment of the spectra. 
The subsequent models (Model Nos. 5 through 7) focused on varying the number of 
smoothing points in the SG2 derivation. The best model, Model No. 6, had NF = 7 that explained 
98.5% of the variance of samples in Calibration D,  R
2
val = 0.58, SEP = 262.7 mg/kg, RPD = 1.5 
and RER = 4.4.  The scores plot showed a prominent separation between red and yellow corn 
blends as compared to other models (Figure 4.9). As other researchers found that the order the 
MSC and SG pretreatments could affect the efficacy of the resulting PLSR model (Chen et al., 
2013; Chen et al., 2014), the order of MSC and SG2 pretreatment was also investigated (Model 
Nos. 6 and 8, Table 4.2) but was found to be insignificant. Furthermore, increasing the order of 
derivative, polynomial order and number of smoothing points this point onwards led to a 
decrease in the R
2
 and RPD values suggesting oversmoothing of spectral data and loss of 
important information (Appendix B, Table B.2).  
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Figure 4.9. Scores plot of PLSR Model Nos. 1, 2, 4 and 6 show clustering of blended samples with or without 
phlobaphene content. Red red corn blends contain phlobaphenes.  
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 Results of the Marten’s uncertainty test during cross-validation of Model Nos.  4–7  
confirmed what Mariani et al. (2015), Xiaowei et al. (2014) and Cozzolino et al. (2008) have 
reported. In each of these models, the wavebands regions of 8980-8900, 7450-7100, 7000-6700, 
5500-5100, 4400-4200 and 4100-4000 cm
-1
 were identified as strongly contributing to the 
model’s prediction of TAC (Figure 4.10). However, certain other wavebands associated with 
anthocyanin absorption, such as 8300-7500, 6200-5500 and 4500-4400 cm
-1
, were not identified 
as significant contributors to TAC prediction. Martens uncertainty test also identified a small 
region from 8980-8900 cm
-1
 which corresponds to absoprtion by alkenes (Williams and Norris, 
2001) but it has not been previously reported for anthocyanins.  
  Of the wavebands indicated by Marten’s uncertainty test to be significant in Model No. 6, 
the 7450-7100, 7000-6700, 5500-5100 and 4400-4200 cm
-1
 regions overlapped with those 
reported for absorption by anthocyanins. Condensed tannins, such as phlobaphenes, have been 
reported to absorb in the 6024-5988, 5813-5780 and 4761-4545 cm
-1
 (Smith and Kelman, 1997, 
Roberts et al., 1993 and Petersen et al., 1991) and 7067-6613, 6060-5714 and 5115-4914 cm
-1
 
regions (Dykes et al., 2014) (Figure 4.10). Of these, only the 7000-6700 cm
-1
 overlapped with 
significant wavebands on Model 6; however, regression coefficients of all factors of the model 
were low in this region. This region has been correlated to the first overtone of hydroxyl groups 
(Noah et al., 1997), which are present in both anthocyanins and phlobaphenes (Figures 2.1 and 
2.2). With little overlap among significant wavebands of the model and those of condensed 
tannins, the model was efficient at differentiating between anthocyanin and phlobaphene-
containing samples. 
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Figure 4.10. Shaded regions represent significant wavelengths identified through the Martens uncertainty test 
during cross-validation of Model 6, while hashed regions represent absorption bands reported for condensed 
tannins. 
When Model Nos. 5 and 6 were re-calculated using only the significant wavebands, 
model performance improved generally. Model No. 9 is the recalculated Model No. 6 while 
Model No. 10 is the recalculated Model No. 5 (Table 4.2). The re-calculated models improved 
mainly in terms of NF, RMSE, and R
2
. For example, NF decreased from 7 to 5; and RMSE 
decreased from 186.3 to 116.7 mg/kg. However, explained variance, R
2
, RER and RPD values 
also decreased. This can be attributed to the fact that the significant wavebands identified by 
Martens uncertainty test do not entirely cover the spectral regions associated with absorption due 
to anthocyanins. Models using only the regions reported for anthocyanin absorption were tried 
but did not show any further improvement (Appendix B, Table B.2). Despite these 
improvements, the models’ utility did not improve significantly as RPD values remained below 
1.5, so Models Nos. 4–10 can only be used for rough screening of corn samples. 
 Model Nos. 5 and 6 were re-calculated using calibration and validation sets E and F. The 
PLSR models performed consistently with calibration and validation sets E and F (Table 4.3).  
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Table 4.3. Performance of Model Nos. 5 and 6 when recalculated using calibration and validation sets E and 
F over the entire sepctral range (4000-10000 cm
-1
). 
PLSR Model No.  5 6 
Data preprocessing MSC + SG2 MSC + SG2 
Polynomial order 2 2 
No. of smoothing points 35 37 
Cal-Val set used D E F D E F 
No. of factors, NF 7 7 7 7 7 7 
Explained variance
a
 (%) 98.7 97.1 98.1 98.5 96.9 97.8 
R
2
  
      
    Calibration 0.99 0.97 0.98 0.98 0.97 0.98 
    Validation 0.53 0.6 0.82 0.58 0.63 0.81 
RMSE (mg/kg) 
      
    Cross validation,  
RMSECV 
188.9 84.1 112.5 186.3 87.1 110.8 
    Validation, RMSEP 275.5 262.9 137.9 263.0 255.1 140.4 
SEP (mg/kg) 271.3 263.6 137.6 262.7 255.1 141.7 
RER 4.3 4.4 6.6 4.4 4.5 6.4 
RPD 1.4 1.6 2.4 1.5 1.7 2.3 
 
Evaluation parameters of both models did not show significant changes when re-calculated with 
set E. There were increases in explained variance and decreases in RMSE. When re-calculated 
with set F, the explained variance and R2val increased significantly; RMSE and SEP were cut in 
half; and RER and RPD values increased. Though the means and standard deviations of all the 
three calibration-validation sets were comparable, calibration set F had a wider TAC range (0-
1154 mg/kg) as compared to calibration sets D and E (0–904 mg/kg), since calibration set F 
included the sample with a high TAC value of 1154 mg/kg. Due to a wider TAC range in its 
calibration set, both models performed better with calibration-validation set F, indicating that the 
efficacy of both models will improve with a wider and well-distributed TAC for calibration. 
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4.3.5. Effect of moisture on PLSR models 
Both red and yellow corn blends were analysed for their initial and final moisture 
content. The yellow corn blends had an initial moisture content of 13.42 % (wb). Moisture 
content of yellow corn blends decreased to 8.57% (wb) after the blends were desiccated for 72 h 
at room temperature. Similarly, the red corn blends had an initial moisture content of 10.46 % 
(wb) which was decreased to 7.24 % (wb) after desiccation.  
When Model No. 6 was re-calculated using the spectra of the dry blended samples, model 
performance was similar to that of the wet blended samples except for R
2
val. The dry-blend 
model had an R
2
val = 0.70 (Table 4.4) compared to R
2
val = 0.58 (Table 4.3) when used with 
calibration and validation sets D. Marten’s uncertainty test identified regions of 9800–9600, 
9500-9400, 9100-8900, 7900-7700, 7100-6800, 5400-4800, 4400-4200 and 4100-4000 cm 
-1
 as 
important wavebands in TAC prediction of dry blended samples (Figure 4.12). While most of 
these regions were similar for the wet blended samples, the 9800 – 8900 cm-1 is not associated 
with anthocyanin absorption (Figure 4.12). This region is primarily associated with absorption 
due to alkenes and amide groups (Williams and Norris, 2001). Without moisture to mask random 
errors or noise in the spectra, the PLSR model was susceptible to overfitting. The model, 
however, was still able to differentiate between red and yellow corn blends (Figure 4.11) and 
performed similarly when re-calculated with calibration and validation sets E and F (Table 4.4). 
Because of the tendency to overfit and considering the added time and expense to dry down the 
blended samples, it is recommended that TAC prediction by NIR spectroscopy be conducted with 
non-dessicated corn blends in the future.  
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Figure 4.11. Scores plot of Model No. 6 recalculated with dry corn blends. Red corn blends contain 
phlobaphenes.  
 
 
Figure 4.12. Shaded regions represent significant wavelengths identified through the Martens 
uncertainty test during cross-validation of Model 6, while hashed regions represent significant wavebands 
when Model 6 was recalculated with dry corn blends. 
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Table 4.4. Performance of Model No. 6 when re-calculated using dry blend samples over the entire spectral 
range (4000-10000 cm
-1
). 
  PLSR Model No. 6 re-calculated with dry corn blends 
Data preprocessing MSC + SG2 
Polynomial order 2 
No. of smoothing points 37 
Cal-Val set used D E F 
NF 6 7 7 
Explained variance (%) 84.8 97.4 94.6 
R
2
  
 
  
    Calibration 0.95 0.97 0.98 
    Validation 0.70 0.80 0.85 
RMSE (mg/kg) 
 
  
    Cross validation, 
RMSECV 
182.9 
91 109.1 
    Validation, RMSEP 235.6 203.8 158.8 
SEP (mg/kg) 247.0 213.8 196.5 
RER 4.8 4.6 5.4 
RPD 1.6 1.7 1.9 
 
4.4. NIR spectra of whole corn samples 
The absorbance spectra of the 72 whole corn samples were collected at 950-1650 nm 
using an NIR analyzer. With moisture not having an effect on model performance, whole corn 
kernels were scanned without drying.  Despite the narrow range and lower resolution, the spectra 
of the whole corn samples were comparable to that collected from blended samples using a 
laboratory-grade FT-NIR spectrophotometer. In order to facilitate comparison between spectra 
collected from NIR analyzer and laboratory-grade FT-NIR spectrophotometer, wavenumber 
values (10000-4000 cm
-1
) were converted into wavelength (1000–2500 nm). This conversion led 
to some loss in resolution of the spectra. Comparison of the spectra obtained from both 
instruments showed the wet corn blends and whole corn samples showed prominent peaks in the 
1150–1300 and 1400–1500 nm regions, both of which have been reported for absorption due to 
anthocyanins (Figure 4.13). 
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Figure 4.13. Comparison between wet blend and whole corn spectra in the common wavelength region of 
1000-1650 nm. Every 10
th
 and 100
th
 datum was represented with a symbol to better distinguish whole corn 
and wet blend spectral curves, respectively. 
As with the blended corn samples, the spectra of whole corn samples were pre-treated 
with MSC, SG1, and SG2, and combinations thereof. However, the results of the pretreatments 
were different since the resolution of the laboratory grade FT-NIR spectrometer was higher (1 
cm
-1) than the NIR analyzer’s resolution (5 nm). This meant that the laboratory grade FT-NIR 
recorded an absorbance measurement for every wavenumber, generating 6001 data points per 
scan, whereas the NIR analyzer recorded 140 data points per scan. Though NIR analyzer had a 
narrower scanning range, the laboratory grade FT-NIR spectrophotometer still generated 3751 
data points in the 10000-6250 cm
-1
 region which coincided with the NIR analyzer range of 1000-
1650 nm. Therefore, using a high number of smoothing points or order of derivative tended to 
oversmooth the spectra collected from the NIR analyzer, losing valuable peaks and troughs that 
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corresponded to TAC. When the spectra were pretreated with SG1 and 13 smoothing points, 
prominent peaks around 1200-1450 and 1500-1600 nm regions coincided with those reported for 
absorption due to anthocyanins (Figure 4.14). Further increases in smoothing points and 
derivative order resulted in oversmoothed spectra (Appendix C, Figure C.1) so PLSR modeling 
was focused on SG1 pretreated spectra, but other pretreatments were investigated (Appendix C, 
Table C.2). The peak at around 1160 nm (Figure 4.14) has been previously noted for water 
absorption (Paulsen and Singh, 2004). Unlike the blended corn samples, it was difficult to 
control the variability in composition of the whole corn samples. Mean composition estimates 
and their corresponding standard deviations by the NIR analyzer were as follows: moisture, 8.0 ± 
1.5% (w.b.); protein, 12.8 ± 2.0% (d.b.); oil, 4.0 ± 0.9% (d.b.); fiber, 1.4 ± 0.6% (d.b.); starch, 
60.6 ± 3.1% (d.b.); and ash, 1.1 ± 0.2% (d.b.). Additional details are provided in Appendix C, 
Table C.1. The small standard deviation values indicated that the composition of the whole corn 
data set was narrow so variations in the NIR spectra were likely due to variations in anthocyanin 
and phlobaphenes content. 
 
Figure 4.14. First order SG derivative pretreated spectra of whole corn samples. Shaded regions represent 
previously reported absorption wavebands of anthocyanin. Every 5
th
 datum was represented with a symbol to 
better distinguish spectral curves. 
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The 72 whole corn samples (Appendix A, Table A.1) were parsed into calibration and 
validation set for developing PLSR models. Each set included corn samples containing 
phlobaphenes (Figure 4.15). The calibration set was composed of 53 whole corn samples with a 
mean TAC and standard deviation of 94.1 ± 156.4 mg/kg, respectively. The validation set 
included 19 whole corn samples with a mean TAC and standard deviation of 52.4 ± 105.7 mg/kg, 
respectively. Unlike the blended samples, the whole corn samples did not have evenly distributed 
TAC values. The data set was highly skewed towards the left hand side because of a large 
number of samples having TAC = 0 mg/kg.  
 
Figure 4.15. Parsing of whole corn samples into calibration and validation sets for partial least 
squares regression (PLSR) of near infrared (NIR) spectra. 
 
 
The first model developed, Model No. 11, was based on SG1 pretreated spectra using 11 
smoothing points which yielded an explained variance = 74.1%, R
2
val = 0.44 and RPD = 0.9 
(Table 4.5). When SG1 derivitized spectra with 13 smoothing points were used in Model No. 12, 
explained variance (69.9%), R
2
val (0.70), and RPD (1.5) values improved (Table 4.5). These 
parameters did not show any further improvement with an increase in the number of smoothing 
points (Model No. 13) or with a higher order SG derivative (Model No. 14) (Table 4.5).  
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Table 4.5. Performance of whole corn PLSR models developed using various preprocessing techniques. 
PLSR Model No. 11 12 13 14 15 16
b
 
Spectral range  Full
a
 Full Full Full Full Full 
Data preprocessing SG1 SG1 SG1 SG2 MSC + SG1 SG1 
Polynomial order 2 2 2 2 2 2 
No. of smoothing points 11 13 17 13 13 25 
No. of factors, NF 7 6 7 4 5 6 
Explained variance (%) 74.1 69.9 71.3 57.9 74.6 72.0 
R
2 
 
   
 
 
 
    Calibration 0.75 0.70 0.74 0.58 0.75 0.72 
    Validation 0.44 0.70 0.41 0.20 0.48 0.93 
RMSE (mg/kg) 
   
 
 
 
    Cross validation 120.4 100.7 108.9 122.4 109.2 102.2 
    Validation 103.7 60.1 106.6 110.5 93.4 50.0 
SEP (mg/kg) 121.4 69.8 121.2 124.7 105.8 48.9 
RER 3.2 5.5 3.2 3.1 3.6 10.9 
RPD 0.9 1.5 0.9 0.8 1.0 3.6 
a
Models were based on entire spectral range, 950 to 1650 nm. 
b
Model was based on NIR spectra of samples that did not contain phlobaphenes. 
 
A combination of MSC and SG1 pretreatment also did not improve the model 
performance (Model No. 15). As the regions associated with absorption due to condensed 
tannins were not a part of the narrow scanning range of the NIR analyzer, the scores plot of all 
the PLSR models did not show any seperation between corn samples containing anthocyanin and 
phlobaphenes (Figure 4.16). This was likely due to the NIR analyzer’s limited range, i.e., the 
absorption wavebands associated with condensed tannins or phlobaphenes were not included. 
Model No. 12 was noted as the best performing model but with an RPD value lower than 1.5, 
this model was fit for rough screening applications only. When the phlobaphene-containing 
samples were removed from the calibration and validation sets, however, the resulting Model 
No. 16 performed similar to Model No. 12 in terms of NF, explained variance, R
2
cal and RMSECV 
(Table 4.5). All other parameters improved (i.e., R
2
val = 0.93, RMSEP = 50.0 mg/kg, SEP = 48.9 
mg/kg, RER = 10.9, and RPD = 3.6) indicating the model was fit for full screening applications. 
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Additional models with various pretreatments were developed for phlobaphene-free samples and 
are reported in Appendix C, Table C.2. 
 
  
 
Figure 4.16. Scores plot of Model No. 12 that was developed for predicting TAC of whole corn samples.  
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CHAPTER 5. CONCLUSIONS AND FUTURE WORK 
This study showed that L*a*b* measurements were not useful for predicting TAC of 
whole corn samples, despite having MLR models with 0.60 > R
2
 > 0.70, because of the presence 
of phlobaphenes. PLSR models based on NIR spectra of ground corn samples blended with C3G 
were better at predicting TAC and discriminating blended samples containing phlobaphenes. The 
best PLSR model, Model No. 8, was based on SG2 + MSC (using 37 smoothing points) 
pretreated spectra and was useful for rough screening purposes only. The model could be further 
improved with a greater number of samples with a wider distribution of TAC and phlobaphene 
content. Since multivariate analysis software such as Unscrambler® are able to predict more than 
one component at a time, it is possible to develop PLSR models that predict both TAC and 
phlobaphene content from the same absorbance scan. Overall, the blending process was found to 
be precise for making an evenly distributed sample set and the blended samples do not need to be 
dessicated for NIR scanning, provided the corn is dry enough for safe storage. When the same 
PLSR approach was applied to the NIR spectra of whole corn samples collected with an NIR 
analyzer, the best PLSR model was based on SG1 (using 13 smoothing points) pretreated spectra 
and was also useful for rough screening purposes only. When phlobaphene-containing samples 
were removed from the calibration and validation sets, model performance improved and can be 
used for full screening purposes.  
Though cyanidin is the pre-dominant type of anthocyanin found in corn, which made it 
the focus of this study, corn also produces pelargonidin, peonidin and condensed forms like 
catechins and epicatechins. It would be beneficial, in future, to develop models based on 
anthocyanin composition including all of these aforementioned types for more detailed analysis 
of anthocyanin profile in various corn accessions. It would also be useful if the standard error of 
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the laboratory (SEL) (i.e., the reference method) could be determined. Errors associated with the 
extraction step and quantification of TAC by HPLC would allow for a direct comparison of the 
SEP to SEL and another measure of whether NIR prediction could be used as a substitute for the 
HPLC analysis.   
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APPENDIX A. MULTIPLE LINEAR REGRESSION RESULTS: WHOLE CORN 
Table A.1. Total anthocyanin content (TAC) and L*a*b* values of 72 whole corn samples. 
Sample No. TAC (mg/kg) L* a* b* 
No anthocyanins or phlobaphenes 
1 0 60.78 14.15 37.85 
2 0 38.31 13.50 15.12 
3 0 25.06 7.55 9.40 
4 0 34.44 21.98 22.16 
5 0 60.53 15.00 37.68 
6 0 44.90 18.62 33.97 
7 0 72.32 3.45 31.83 
8 0 51.90 16.94 26.75 
9 0 57.12 16.87 38.65 
10 0 68.74 4.34 28.29 
11 0 60.85 14.38 40.78 
12 0 66.47 14.88 39.80 
13 0 66.35 15.82 43.79 
14 0 65.92 16.50 43.62 
Contains anthocyanins only 
15 1.64 54.22 8.76 26.17 
16 7.09 52.25 7.09 22.65 
17 7.71 48.78 10.66 16.46 
18 8.4 46.34 6.38 17.84 
19 8.62 30.96 10.33 8.84 
20 8.68 47.69 0.42 8.10 
21 9.4 49.02 5.22 17.10 
22 9.85 49.91 6.22 10.79 
23 11.71 45.87 0.69 11.23 
24 12.7 48.33 6.04 13.48 
25 12.98 50.90 3.33 16.61 
26 16.29 47.49 1.13 14.21 
27 17.77 45.65 0.44 11.71 
28 18 46.66 4.14 15.36 
29 18.45 46.20 3.50 15.35 
30 20.13 43.14 0.49 11.67 
31 20.23 39.39 5.93 13.73 
32 20.67 46.94 4.06 11.38 
33 24.64 46.55 5.10 11.84 
34 29.03 41.40 0.87 6.18 
35 30.38 37.64 6.86 14.39 
 78 
 
 
 
Table A.1. Continued. 
 
36 33.19 22.73 11.20 6.65 
37 38.5 49.37 2.76 8.04 
38 39.76 41.12 0.23 5.92 
39 42.43 34.24 6.99 9.95 
40 46.03 49.37 1.45 14.64 
41 46.11 44.82 4.05 10.31 
42 50.95 46.59 -1.36 13.13 
43 51.29 38.90 8.07 10.42 
44 53.12 42.53 0.48 9.22 
45 60.19 42.93 3.82 10.77 
46 78.05 27.05 9.07 5.22 
47 90.37 46.38 4.53 16.23 
48 99.27 31.00 7.01 11.28 
49 102.05 20.96 9.59 4.16 
50 182.68 20.75 3.45 2.00 
51 190.13 41.83 0.74 10.14 
52 192.05 41.03 0.93 14.29 
53 205.19 19.41 2.99 1.76 
54 207.42 23.89 4.64 3.75 
55 258.56 22.46 3.34 3.91 
56 278.59 19.35 5.13 2.66 
57 322.65 24.94 6.04 5.24 
58 346.75 18.37 4.14 1.73 
59 384.44 17.42 5.97 3.33 
60 398.08 17.53 3.58 1.10 
61 433.33 19.66 4.31 1.11 
62 514.78 18.61 3.41 2.06 
63 789.66 54.22 8.76 26.17 
Contains phlobaphenes only 
64 0.0 33.03 14.21 14.35 
65 0.0 32.08 20.57 16.65 
66 0.0 42.48 17.58 21.76 
67 0.0 22.43 5.96 6.33 
68 0.0 33.02 15.53 15.03 
69 0.0 32.39 10.79 9.71 
70 0.0 30.84 18.51 15.88 
Contains both anthocyanins and phlobaphenes 
71 15.54 40.95 5.86 12.79 
72 117.15 29.87 9.88 10.18 
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Figure A.1. Images of whole corn samples that do not contain anthocyanins or phlobaphenes. 
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Figure A.2. Images of whole corn samples that contain anthocyanins only. 
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Figure A.2. Continued 
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Figure A.2. Continued 
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Figure A.3. Images of whole corn samples containing phlobaphenes. 
 
Figure A.4. Images of whole corn samples containing both anthocyanins and phlobaphenes. 
 
fit1 <- lm(TAC ~ L + a + b + L:a + L:b + a:b + L:a:b, data = correct_calibrat
ion) 
summary(fit1) 
fit2 <- lm(TAC ~ L + a + L:a + L:b, data = Correct_calibration) 
summary(fit2) 
WoP <- data.frame (L = nL, a = na, b = nb) 
Res1 = c(predict.lm(fit1, WoP)) 
Res2 = c(predict.lm(fit2, WoP)) 
WithP <- data.frame (L = Ln, a = an, b = bn) 
pRes1 = c(predict.lm(fit1, WithP)) 
pRes2 = c(predict.lm(fit2, WithP)) 
 
Figure A.5. R Code: Calibration of Model No. 1 with set A and validation with sets A & B. 
 84 
 
fit1 <- lm(TAC ~ L + a + b + L:a + L:b + a:b + L:a:b, data = CalwP) 
summary(fit1) 
ValC <- data.frame (L = Ln, a = an, b = bn) 
Valc1 = c(predict.lm(fit1, ValC)) 
Figure A.6. R Code: Calibration of Model No. 1 with set B and validation with set C.  
 
Table A.2.  Results of hypothesis testing of slopes and intercepts of the multiple linear regression (MLR) 
models. 
MLR Model No. 1 2 
Calibration Set A A B A A 
Validation Set A B C A B 
Predicted vs. measured TAC      
Slope, 1 0.97 1.04 0.75 0.83 0.88 
t-Statistic (H0: 1 = 1; HA:1  1) 7.19 5.60 8.21 5.89 5.53 
p-level 0.84 0.84 0.01 0.24 0.47 
Intercept, 0 (mg/kg) 18.9 -0.1 27.5 36.9 28.4 
t-Statistic (H0: 0 = 0; HA:0  0) 0.98 -0.004 1.89 1.83 1.17 
p-level 0.35 0.99 0.07 0.09 0.26 
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APPENDIX B. PARTIAL LEAST SQUARES REGRESSION RESULTS:  
CORN BLENDS 
Table B.1. Theoretical & measured total anthocyanin content (TAC) values of blended corn samples. 
Theoretical TAC 
by mass balance 
(mg/kg) 
Sample ID Measured TAC 
using HPLC 
(mg/kg) 
Mean TAC ± S.D.
a
 
(mg/kg) 
  
Coefficient of 
variation 
Yellow corn blends  
0 
0-1 0 
--- --- 0-2 0 
0-3 0 
100 
100-1 123.1  
93.8 ± 21.3 
 
0.23 100-2 72.9 
100-3 85.3 
200 
200-1 144.9  
152.0 ± 11.6 
 
0.08 200-2 142.8 
200-3 168.4 
250 
250-1 231.5  
225.5 ± 6.3 
 
0.03 250-2 228.3 
250-3 216.7 
300 
300-1 245.8  
234.0 ± 10.8 
 
0.05 300-2 236.4 
300-3 219.7 
400 
400-1 364.5  
346.6 ± 15.2 
 
0.04 400-2 327.3 
400-3 348.0 
500 
500-1 446.5  
491.6 ± 107.2 
 
0.22 500-2 388.7 
500-3 639.5 
600 
600-1 480.6  
513.6 ± 59.7 
 
0.12 600-2 462.9 
600-3 597.5 
700 
700-1 712.4  
634.1 ± 55.5 
 
0.09 700-2 591.2 
700-3 598.7 
750 
750-1 747.7  
693.0 ± 64.3 
 
0.09 750-2 602.7 
750-3 728.8 
800 
800-1 566.2  
609.4 ± 31.4 
 
0.05 800-2 622.3 
800-3 639.8 
900 900-1 752.8 722.0 ± 22.3 0.03 
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900-2 713.0 
900-3 700.4 
1000 
1000-1 825.2 
961.4 ± 140.2 0.15 1000-2 1154.2 
1000-3 904.7 
Phlobaphene blends  
0 
1 0 
--- --- 2 0 
3 0 
100 
1 97.2 
102.6 ± 6.0 0.06 2 110.9 
3 99.6 
500 
1 489.4 
504.4 ± 23.6 0.05 2 486.2 
3 537.8 
750 
1 828.3 
810.3 ± 57.1 0.07 2 733.2 
3 869.6 
a
S.D. = standard deviation. 
Table B.1. Continued. 
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Figure B.1. Pretreatment of the FT-NIR spectra of wet corn blends using multiplicative scatter correction 
(MSC), and first and second order Savitzky-Golay (SG). Every 100
th
 datum was represented with a symbol to 
better distinguish spectral curves. 
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Figure B.2. Effect of smoothing points in the Savitzky-Golay (SG) pretreatment of the FT-NIR spectra of wet 
corn blends. Every 100
th
 datum was represented with a symbol to better distinguish spectral curves. 
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Table B.2. Partial least squares regression (PLSR) models developed using calibration and validation sets D 
and various preprocessing techniques for predicting total anthocyanin content (TAC) of blended corn 
samples. 
PLSR Model No. B1 B2 B3 B4 B5 B6 B7 B8 
Spectral range (cm
-1
) Full
a
 Full Full Full Full Full 
Specific
b
 
6250-
10000  
Data preprocessing SG2 
MSC + 
SG1 
MSC + 
SG2 
MSC + 
SG1 
MSC + 
SG2 
MSC + 
SG3 
SG2 + 
MSC 
SG2 + 
MSC 
Polynomial order 2 2 2 2 3 3 2 2 
No. of smoothing 
points 
25 31 45 45 37 37 31 31 
No. of factors, NF 5 4 7 4 7 3 6 3 
Explained variance 
(%) 
98.9 63.4 99.1 86.8 98.6 82.4 96.8 78.4 
R
2 
         
    Calibration 0.94 0.63 0.99 0.6 0.99 0.82 0.97 0.63 
    Validation 0.02 0.03 0.6 0.01 0.6 0.1 0.23 0.04 
RMSE (mg/kg)         
    Cross validation,  
RMSECV 
196.3 237.2 179.5 247.6 185.0 212.0 152.1 260.7 
    Validation, RMSEP 378.2 367.6 268.4 380.4 263.0 367.3 361.7 336.0 
SEP (mg/kg) 390.9 389.8 266.1 403.5 262.7 364.2 353.0 396.0 
RER 2.9 3.0 4.3 2.9 4.4 3.2 3.3 2.3 
RPD 1.0 1.0 1.4 0.9 1.4 1.1 1.1 0.8 
a
Models were based on entire spectral range, 4000 to 10000 cm
-1
. 
b
Model was based only on the specific wavebands reported in literature for anthocyanin absorption, 4000-4500, 
5000-6000 and 7000-8300 cm
-1
. 
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APPENDIX C. PARTIAL LEAST SQUARES REGRESSION RESULTS:  
WHOLE CORN 
 
Figure C.1. Effects of smoothing points and derivative order in the Savitzky-Golay (SG) pretreatment of the 
NIR spectra of whole corn samples. Every 5
th
 datum was represented with a symbol to better distinguish 
spectral curves. 
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Table C.1. Composition estimates
a
 of 72 whole corn samples. 
Sample No. Moisture  
(% w.b.) 
Protein 
(% d.b.) 
Oil 
(% d.b.) 
Fiber  
(% d.b.) 
Starch 
(% d.b.) 
Ash  
(% d.b.) 
No anthocyanins or phlobaphenes 
1 7.43 14.57 3.91 1.61 61.7 1.2 
2 7.62 11.52 3.05 1.34 63.67 0.9 
3 8.09 11.59 3.55 1.07 63.2 0.85 
4 8.07 14.84 6.82 0.67 56.78 1.24 
5 6.88 12.31 2.96 0.99 64.22 1.09 
6 7.11 14.83 4.28 0.77 60.5 1.09 
7 8.07 12.28 5.98 2.82 63.33 1.59 
8 6.56 13.29 3.52 0.58 60.85 1.13 
9 7.86 10.61 3.29 0.9 65.01 0.94 
10 7.38 11.41 3.92 1.89 63.13 1.15 
11 7.64 12.33 4.51 1.6 62.34 1.14 
12 13.01 6.7 4.12 2.06 63.45 1.24 
13 13.26 6.37 3.84 2.24 64.36 1.2 
14 13.45 6.73 5.03 2.04 62.37 1.2 
Contains anthocyanins only 
15 7.66 15.39 5.23 1.17 56.64 1.21 
16 7.60 11.93 3.55 1.10 62.43 1.15 
17 7.26 14.39 5.22 1.16 59.08 1.23 
18 7.41 12.18 4.34 1.49 62.37 1.28 
19 7.43 12.69 3.97 1.65 63.13 1.04 
20 7.11 12.72 5.07 1.56 60.12 1.18 
21 7.04 12.78 3.88 1.09 62.48 1.24 
22 7.12 12.31 2.06 1.27 64.71 1.06 
23 7.41 12.80 3.21 1.32 60.93 0.99 
24 6.71 12.69 3.74 0.92 62.48 1.12 
25 7.51 12.43 3.60 1.08 62.13 1.16 
26 7.52 12.92 2.58 0.73 62.79 0.94 
27 7.65 13.70 3.30 0.95 59.68 0.93 
28 7.28 10.72 3.18 1.26 64.85 1.09 
29 7.27 12.91 3.55 1.13 63.53 1.24 
30 7.37 13.07 4.68 1.83 59.75 1.21 
31 7.74 12.63 3.57 1.12 60.88 1.07 
32 7.36 14.00 3.23 0.61 60.86 0.87 
33 7.27 12.20 3.12 0.74 64.03 0.94 
34 8.00 14.21 5.12 2.42 60.11 1.44 
35 6.78 13.42 4.46 0.89 59.54 1.11 
36 7.54 11.41 3.79 1.36 61.78 1.08 
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Contains anthocyanins only 
37 7.44 15.77 5.05 0.90 54.98 1.08 
38 6.81 12.21 5.56 0.86 59.92 1.11 
39 7.27 12.88 5.21 1.92 58.38 1.18 
40 8.06 14.45 4.82 2.43 60.19 1.42 
41 7.58 11.81 3.44 1.17 62.07 0.89 
42 7.53 13.21 4.97 1.71 59.07 1.17 
43 6.56 14.12 3.72 0.63 59.63 1.12 
44 7.67 10.02 5.42 2.16 63.51 1.06 
45 7.01 12.22 4.14 1.51 62.17 1.29 
46 7.18 9.57 4.20 1.00 65.87 1.11 
47 8.72 12.45 5.27 2.51 60.07 1.22 
48 8.09 14.71 3.24 1.39 58.88 0.88 
49 7.32 12.03 4.20 1.63 61.58 1.06 
50 7.42 13.26 3.84 1.11 57.49 1.12 
51 8.68 15.74 2.27 0.55 56.28 0.97 
52 7.11 13.88 4.38 2.13 61.60 1.39 
53 8.37 14.86 4.30 2.43 58.29 1.26 
54 7.49 11.82 3.62 1.05 62.92 1.15 
55 7.66 14.51 4.33 1.18 54.08 1.05 
56 7.01 12.22 4.49 1.57 61.71 1.29 
57 9.74 10.97 2.47 1.54 60.67 1.12 
58 8.13 10.18 4.26 2.39 62.78 1.10 
59 8.83 12.50 2.70 1.54 59.36 0.83 
60 7.95 11.02 2.46 1.15 60.76 0.94 
61 9.07 11.19 2.82 1.96 60.28 0.82 
62 8.79 11.90 3.12 1.55 58.93 0.82 
63 7.14 12.49 5.42 1.63 60.44 1.25 
Contains phlobaphenes only 
64 7.08 14.03 3.02 0.18 61.15 1.00 
65 7.18 14.56 3.88 1.26 60.96 1.20 
66 7.47 13.77 3.24 1.63 62.62 1.24 
67 8.75 16.52 5.02 1.02 49.22 0.75 
68 11.51 15.42 3.63 1.09 53.59 1.15 
69 11.66 15.34 3.50 1.18 53.47 1.13 
70 12.31 14.03 3.91 1.57 52.72 1.08 
Contains both anthocyanins and phlobaphenes 
71 7.28 14.84 3.71 0.23 60.42 1.19 
72 8.21 15.29 3.65 0.64 56.15 0.91 
a
Estimates were obtained in July and August 2015. The Perten DA 7200 NIR Analyzer is calibrated with 
yellow corn samples and is maintained by Dr. Stephen Moose’s Laboratory at the University of Illinois.  
Table C.1. Continued. 
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Table C.2. Partial least squares regression (PLSR) models developed for predicting total anthocyanin content (TAC) of whole corn samples. 
PLSR Model No. C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 
Includes phlobaphene-
containing samples? 
Yes Yes Yes Yes Yes Yes No No No No 
Spectral range  Full
a
 Full Full Full Full Full Full Full Full Full 
Data preprocessing SG1 SG1 SG1 
SG1 + 
MSC 
SG2 
SG2 + 
MSC 
SG1 SG1 
MSC + 
SG1 
SG1 
Polynomial order 3 2 2 2 2 2 2 3 2 2 
No. of smoothing points 13 25 31 31 31 31 13 25 25 29 
No. of factors, NF 7 7 7 7 7 7 5 6 7 6 
Explained variance (%) 75.0 73.3 72.6 73.3 71.8 76.1 65.5 65.8 68.4 65.0 
R
2 
           
    Calibration 0.75 0.73 0.73 0.73 0.72 0.76 0.66 0.66 0.68 0.65 
    Validation 0.46 0.49 0.45 0.49 0.28 0.48 0.92 0.91 0.91 0.91 
RMSE (mg/kg)           
    Cross validation,  
RMSECV 
109.0 121.3 108.7 109 124.4 104.7 118.8 116.7 118.8 115.9 
    Validation, RMSEP 97.3 91.6 100.5 93 108 101.5 57.8 64.4 58.3 57.3 
SEP (mg/kg) 113.5 103.2 112.8 104.4 117.1 116.6 55.0 56.7 57.2 55.5 
RER 3.4 3.7 3.4 3.7 3.3 3.3 9.7 9.4 9.4 9.7 
RPD 0.9 1.0 0.9 1.0 0.9 0.9 3.2 3.1 3.1 3.2 
a
Models were based on entire spectral range, 950-1650 nm. 
 
 
 
 
 
